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Abstract

Cortical brain-machine interface (BMI) systems as they currently exist within the
research environment are not suitable for general clinical use. A clinical system must
be fully implantable, requiring no chronic breaks in the skin. This work addresses the
communication and processing needs of a fully implantable neural data acquisition
system. Such a system is a key component of a clinically viable BMI. This work
primarily focuses on the design, implementation, and testing of a data reduction
scheme for 96 channels of neural data and a bidirectional telemetry link for sending
data out of the body and providing commands and configuration information to the

implanted portion of the system.

The data reduction scheme and an interface to a one megabit per second com-
mercial transceiver were implemented in a single programmable logic device. The
data reduction scheme makes use of a voltage thresholding spike detection technique.
The threshold for each channel is computed automatically based on a user-defined
multiplier and an estimate of the noise level. The interface to the transceiver per-
forms all necessary serial encoding and decoding, queuing, and packet assembly and

disassembly:.

The data reduction portion of the system was tested using simulated neural sig-
nals. Spike detection performance was evaluated using thirty different multiplier
values over a wide range of signal-to-noise ratios. Spike extraction tests showed that
the system could output up to 2000 extracted spikes per second with latencies suit-
able for a BMI application. The circumstances under which some spikes would not
be transmitted by the system were also characterized. Finally, an investigation of au-
tomatic threshold selection methods suitable for a BMI application was conducted.

The results suggest that the spike detection technique used in the data reduction

v



scheme is appropriate for this application.

The neural data acquisition system has been fully implanted in several sheep
and has successfully recorded, processed, and transmitted neural data during these
experiments. The system is also shown to interface well with commercial spike sorting
software and with all of the necessary components of a BMI setup, demonstrating
suitability for integration into systems that have already been shown to be effective

in the laboratory environment.
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Chapter 1

Introduction

1.1 A Network of Neurons

The brain consists of a highly interconnected set of neurons. These neurons pass
information back and forth amongst themselves as well as receive information from
and send commands to the rest of the body. While there is a general understanding
that different areas of the brain have different functions, the processing performed

by this massive network of individual units remains, to a large extent, a mystery.

The signals within the brain have been studied at multiple levels and from mul-
tiple viewpoints. Noninvasive methods such as electroencephalography (EEG) give
a spatially-averaged, filtered picture of these signals [1] and present a high-level ap-
proach to understanding the brain. Invasive techniques have allowed for recording
from individual neurons, the fundamental building blocks of the brain, and have
provided access to a very low level of brain processing. While, originally, single
neurons were the focus of these recordings, recognition of the distributed nature of
processing within the brain as well as advances in recording techniques and technol-
ogy have caused a shift in focus toward simultaneous recordings from populations
of neurons [2,3]. These ensemble recordings provide an opportunity to study both
low-level signaling and higher-level properties of the brain’s network as a whole, such
as interactions and correlations among neurons.

Analysis of recordings of extracellular signals from populations of neurons provides
a possible avenue for extracting motor and sensory information from the brain [2]. For
example, the location of a tactile stimulus applied to rat whiskers can be predicted

based on the activity of a population of neurons. While some degree of predictive
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power is provided by even single neurons, performance is significantly enhanced by
looking at populations of neurons [4]. On the motor side, recordings from neuronal
ensembles have been used to predict arm trajectories and control robot arms [5,
6]. Even the largest ensemble recordings record from only a minute fraction of the
neurons in the brain; nevertheless, these recordings have repeatedly been shown to

extract significant amounts of information.

1.2 Multielectrode Recordings

Sensory and motor information is of great interest from both a research perspective
and from a clinical perspective. Over the past decade, multielectrode recordings
have been used to investigate a variety of brain areas and various aspects of brain
function over a wide range of animals. Research utilizing multielectrode recordings
has looked at, among other things, cat auditory cortex [7]; squirrel visual cortex [8];
rat olfactory bulb [9]; and monkey motor, premotor, somatosensory, and posterior
parietal cortices [10]. Multielectrode recordings have even been performed in the
human medial temporal lobe and have possibly shed some light on the way in which
memories are represented in the human brain [11]. These types of studies provide a
greater understanding of both how the brain is organized and how it processes and

represents information.

Outside of the research world, multielectrode recordings also play a central role in
a very realistic and beneficial clinical application — the brain-machine interface (BMI).
A BMI records signals from the brain, processes and interprets them in real-time,
and outputs control signals derived from the recorded neural signals to a machine.
The end result is control of, for example, a cursor on a computer, a wheelchair, or a
prosthetic or robotic arm. Much of the work on BMIs so far has focused on restoration

of motor function for individuals with severe nerve damage or paralysis [1]. BMIs



have been shown to enable monkeys to control a cursor and perform reaching and
grasping tasks based on their measured neural activity [6,12,13]. Additionally, recent
work has shown the feasibility of human use of a BMI to allow a tetraplegic individual
to control a computer cursor, a prosthetic hand, and a robotic limb [14]. In both of
these cases, high channel-count, simultaneous recordings of neural data were the first

step in achieving control of the end device.

1.3 Neural Data Acquisition Systems

Since the information that can be extracted from signals from populations of neurons
has many uses within both research and clinical settings, the systems that record these
signals — neural data acquisition systems — are quite important. They now play a

critical role in the study of the brain and are key to the continued progress of this

field.

A neural data acquisition system, as it is being referred to here, can basically be
thought of as a system that records extracellular voltage waveforms from within the
brain and passes the obtained information in a usable form to another device either for
display, storage, or further processing. This broad description leaves room for many
different types of neural data acquisition systems with varying capabilities and levels
of complexity. Something as simple as a set of electrodes with basic amplifiers (since
extracellular action potentials generally have amplitudes of at most a few hundred
microvolts) could possibly be considered to be a neural data acquisition system. A
more complex system could include some or all of the following features: filtering,
digitizing, or multiplexing the data from the various electrodes; data reduction or
processing to select what subset of the acquired data should be passed on and in
what form; or telemetry to pass the data from one location to another wirelessly. In

addition to all of this, on the very front end of the system many different electrode



types, sizes, and configurations can be used [15,16]. On the back end of the system,
the ultimate desired use of the data will determine the required final format of the

data.

Many different neural data acquisition systems are in use today. A commonly
used setup [17-19] utilizes the Plexon Multichannel Acquisition Processor (MAP).
This setup generally includes several components. An analog headstage plugs into
the implanted electrode array and is connected by a cable to a preamplifier. A
ribbon cable carries the neural signals from the preamplifier to the MAP box, which
contains digital signal processing hardware. The entire system is controlled using
software running on a host computer [20,21]. Within the last several years, some
neural data acquisition systems have begun to incorporate telemetry [22-24] or high-
capacity on-board storage capabilities [23,25] with the intention of recording from

freely behaving animals.

1.4 Limitations of Current Neural Data Acquisi-
tion Systems

Today’s neural data acquisition systems have been effective in simultaneously record-
ing extracellular potentials from hundreds of neurons [7,17,26]. They have provided
a large quantity of data and given researchers much insight into brain function and
processing. Nevertheless, these systems have limitations that must be overcome in
order for research to take a big step forward and in order for clinical applications of
these systems to become feasible.

Most current neural data acquisition requires that an animal be physically wired
to large pieces of equipment. This in and of itself presents constraints on the animal’s
behavior and range of motion. Furthermore, additional restraints are often employed

to prevent the animal from damaging or detaching cables or other equipment [27].



As mentioned above, steps have been taken to develop systems that do not require
this tethering and unnatural restraint of animals. While these newer systems do solve
some problems, they are only an incomplete solution. Some systems obviate the need
for a cable connection from the animal to other equipment by incorporating on-board
storage space from which experimental data can be retrieved after the completion of
the experiment [25]. Such systems may be useful in certain experimental setups but
are not appropriate for experiments in which the data must be observed or analyzed
in real-time. Other systems essentially replace the wired link between the animal
and other equipment with a wireless telemetry link [24]. With these systems, real-
time data analysis may be possible. However, both types of systems still present two

limitations.

First, while the animal is no longer tethered to large pieces of equipment, these
systems still require that the animal have objects protruding, often quite awkwardly,
from its head. So, while restraint from the tethering effect is no longer an issue, it is
possible that the equipment directly attached to the head will still influence behavior.
In addition, restraints on animal motion and behavior may still need to be imposed
in order to prevent damage to or detachment of portions of the system located on
the animal. These newer systems have the potential to allow researchers to record
neural data from animals whose movement and behavior is not severely constrained.
However, even these systems are not ideal for achieving the goal of studying truly
freely-behaving animals.

Second, essentially all current neural data acquisition systems require percuta-
neous connections. These “through-the-skin” connections increase the risk of infec-
tion [1,28]. Typically, the electrodes are attached to a connector and implanted into
the animal’s brain. The connector then sticks out of the animal’s head. While this

setup may be suitable for a research environment, it is most definitely not suitable



for long-term human use [1]. Thus, especially for clinical applications like a BMI,

current neural data acquisition systems are not appropriate.

These limitations point to the need for a fully implantable neural data acquisition
system. Such a system would have nothing protruding out of the skin and would
not require an animal or human to be tethered to other pieces of equipment. The
user of such a system would have essentially no physical constraints on motion, al-
lowing for the study of freely-behaving animals and for use in the clinic. The lack
of percutaneous connections would remove one possible complication, a high risk of
infection, from the research environment and would make a fully implantable neural
data acquisition system suitable for clinical use. In fact, the development of a fully
implantable neural recording system is one of the major challenges that must be

overcome in order for a clinical BMI to be successful [1].

1.5 Challenges Faced by a Fully Implantable Neu-
ral Data Acquisition System

Implantation of devices that share some similarities with a neural data acquisition
system is not unprecedented. Implantable electronic biomedical devices have made
tremendous progress in the last few decades. The development of the implantable
cardiac pacemaker in the late 1950’s and early 1960’s [29] has been followed by the
development of devices such as the cochlear implant, the implantable cardioverter de-
fibrillator, and the deep brain stimulator. The success of several implantable devices
gives hope that an implantable neural data acquisition system can be developed as
well.

Certain challenges are common to many or all implantable devices. Insights into
issues concerning biocompatibility, surgical procedures, power, and even communi-

cation with external devices can be gleaned from the experiences of developing and



optimizing other implantable devices. However, the task of developing a fully im-
plantable neural data acquisition system presents at least one challenge that has not
been faced by previously implanted devices — such a device must have the ability to
transmit large amounts of data from inside the body to outside the body in real-
time. Many of the devices that are currently implantable have the ability to receive
commands and configuration information from an external source. Some are even
equipped for bidirectional communication and can send status information and lim-
ited amounts of data to a device outside of the body [30,31]. Nevertheless, the data
rates of these devices do not compare with the high data rates needed for a high

channel-count neural data acquisition system.

Other challenges faced by a fully implantable neural data acquisition system, even
if they have in some form been faced by other implantable systems, should not be
trivialized. For example, since such a system must continuously record and transmit
data, it will in general consume more power than devices that need to be active for
only a small percentage of the time. Limited space for implantation around the brain
suggests that while the electrodes must be located in the brain, other components of
the system may be forced into other, relatively far locations. This brings up cabling,
connector, and surgical challenges. In short, development of a fully implantable
neural data acquisition system is not an easy task. Nevertheless, the obstacles to

accomplishing this task are not insurmountable.

1.6 Telemetry of Neural Data

As stated above, one of the major challenges faced by a fully implantable neural data
acquisition system is the passing of large amounts of information acquired inside of
the body to a device outside of the body in real-time. A fully implantable system,

simply by definition, cannot communicate with the outside world using wires that pass



through the skin. A different means of communication is required. Three possible
options that have been used in other implanted systems are magnetic coupling [32,33],

radio frequency (RF) telemetry [34], and optical or infrared transmission [30].

In selecting a method of wireless communication, several factors must be kept
in mind. First of all, a link that can accommodate the high data rate desirable
for use with a high channel-count data acquisition system should be used. The
maximum rate at which information can be transmitted through a communication
channel, the information capacity, is proportional to that channel’s bandwidth [35].
Generally, transmitters that operate at higher carrier frequencies are likely to have
more available bandwidth. This suggests that a relatively high frequency transmitter

may be required in order to provide a sufficient data rate.

A second factor that must be taken into consideration is a result of the fact that
the system is fully implantable. A telemetry system that is part of a fully implantable
system obviously must be implantable as well. The effect of biological tissue on the

telemetry performance must therefore be taken into account.

Finally, one of the key advantages of a fully implantable neural data acquisition
system is that it frees the subject in which it is implanted from motion and behavior
constraints. In order to fully take advantage of this, the external device that com-
municates with the implantable portion of the system (and maybe more importantly,
whatever other equipment that is connected to it) should be located a fair distance
away from the subject, so as not to interfere with the subject. Thus, telemetry setups
with excessively short transmission ranges are undesirable.

Data transmission using magnetic coupling relies on the use of the magnetic in-
ductive field generated by a loop antenna. The advantage of using magnetic coupling
is that biological tissue does not significantly affect magnetic fields [36]. Unfortu-

nately, the inductive field is only dominant near the antenna. At a distance signif-



icantly greater than one-sixth of a wavelength, the radiating electromagnetic field
is dominant [36]. Consequently, at higher frequencies (on the order of hundreds of
megahertz), data transmission using magnetic coupling is generally only practical
over relatively short ranges (on the order of several centimeters or less). Optical
or infrared data transmission has the potential for very high data rates [37], but
once again, in the context of an implantable system, the transmission range is quite
limited [30, 37].

The remaining option is RF telemetry. Tremendous advances in and increases
in use of RF for wireless communication make RF telemetry an attractive choice
for communication with the implanted system. High quality, high bandwidth, low
power, inexpensive RF transceivers are available that could very well be used for
bidirectional communication in an implantable system. In large part due to the
explosion in the use of cellular telephones, a wealth of knowledge has begun to amass
regarding the effect of biological tissues on RF waves and the effect of RF waves on
biological tissues. The widespread use of RF for wireless communication, however,
is a double-edged sword. While its prevalence has led to advances in technology and
increases in knowledge, now interference between various wireless systems must be
considered as a very realistic possibility. Nevertheless, the potential for RF telemetry
to provide high data rates and significant transmission ranges makes it a suitable

option for use in a fully implantable neural data acquisition system.

1.7 Radio Frequency Telemetry and the Body

One of the concerns for any implantable wireless communication system, as mentioned
earlier, is the effect of biological tissue on the system’s ability to effectively and
reliably communicate with an external device. For radio frequency (RF) telemetry,

these effects vary considerably with frequency. The dielectric properties of tissues,



such as conductivity and permittivity, are functions of frequency [38,39]. In addition,
critical parameters such as the attenuation constant are also functions of frequency.

The attenuation constant, «, for some material at a specific frequency is given by

1/2
o \2
1+ (—) — 1] nepers/m
we

where w is the angular frequency, p is the permeability of the material, € is the
permittivity of the material, and o is the conductivity of the material [40]. The re-
ciprocal of the attenuation constant, the penetration depth (d = 1/«), is the distance
over which a given field’s intensity will be reduced by a factor of e [40]. At many
commonly used RF frequencies, the penetration depth in biological tissues is quite
small. For example, according to [41], the penetration depth for tissue such as muscle
or skin is about 3.0 cm at 433 MHz, 2.5 cm at 915 MHz, and 1.7 cm at 2.45 GHz.
(Bluetooth technology operates at 2.45 GHz.) This suggests that while RF commu-
nication with an implantable device is possible, the location of that device, or at least
of its antenna, within the body is quite important. In addition, at 1 GHz only about
40% of the incident power would be transmitted through an air-muscle interface [42].
The remainder of the power is reflected. The losses due to attenuation and reflection
can certainly be significant and will reduce the transmission range relative to what
it would be if telemetry was simply occurring in air.

Antenna size can also be greatly impacted by biological tissue. Generally, anten-
nas should be at least on the order of a half wavelength long (or a quarter wavelength
if a ground plane is being used) in order for them to radiate efficiently [36]. Wave-
length is a function of both frequency and the speed of propagation of electromagnetic
waves. This speed of propagation is different in different materials. Thus, the wave-

length depends not only on the frequency but also on the material. The wavelength,
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A, is given by

A=2m/0
where [ is the phase constant given by
5 1/2
ﬁ:w”& 1+(£> +1 rad/m
2 we

where again w is the angular frequency, p is the permeability of the material, € is
the permittivity of the material, and ¢ is the conductivity of the material [40]. At
low frequencies, A is very large and an antenna with a length on the order of a half
wavelength is impractical for implantable systems. At frequencies of several hundred
megahertz or higher, efficient implantable antennas become feasible.

The selection of an appropriate frequency for RF telemetry using an implantable
system is a balancing act. Factors such as data rate, antenna size, and attenuation

all must be considered.

1.8 Neural Data Processing

Recording neural data can be a formidable challenge. Many other challenges, how-
ever, still remain after the data has simply been obtained. The data must still be

analyzed, processed, and interpreted in order to be of significant use.

1.8.1 Raw Data

Raw neural data from ensemble recordings generally consist of voltage waveforms
picked up by microelectrodes located in extracellular space within the brain. These
waveforms are most dramatically influenced by neurons near the microelectrodes.
Oftentimes one or two neurons, and at times possibly three or four neurons, are close
enough to a given recording electrode to significantly affect the recorded voltage

waveform.
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1.8.2 Spikes

In most cases, the raw neural data can be thought of as consisting of a baseline noise
trace with occasional voltage spikes, corresponding to action potentials of nearby
neurons, superimposed on it. Analysis of neural data focuses almost exclusively on
these spikes. It is common for only the frequency of the spikes, or the firing rate, to be
considered. However, the actual timing of individual spikes is sometimes of interest
as well. Oftentimes, an attempt is made to differentiate between spikes recorded on
a single waveform that may have come from different neurons. Regardless of how
exactly the spikes are treated, the focus of neural data processing remains on these

spikes and essentially ignores the baseline noise trace between individual spikes.

Spike Detection

Given raw neural data waveforms and the interest in spikes, the spikes in the wave-
forms must be identified. This is typically done using a threshold. A variety of
methods can be used to determine the threshold [43]. Whenever the voltage crosses
this threshold (and possibly meets other requirements such as a refractory period), a

spike is considered to have occurred.

Bin Counts

Bin counts provide a much simplified view of the data that gives an estimation of
firing rate as a function of time. A bin count is simply the number of spikes detected
within a given binning period. Common binning periods are 50 and 100 milliseconds.
The most straightforward way to estimate firing rates based on bin counts is to simply
divide the bin counts by the duration of the binning period. Additionally, smoothing
operators are sometimes applied to result in more continuously varying estimates

of firing rate as a function of time [44]. Bin counts present a large amount of the
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information in neural data waveforms in a very compact form. However, certain pieces
of information such as the precise timing of individual spikes are lost (assuming the
binning period is not on the order of one millisecond). Also, if binning is performed
directly on the raw waveform, discriminability between spikes from different neurons

is lost.

Spike Sorting

Spike sorting [45] is the process of classifying individual spikes into groups such that
the spikes within a given group are believed to have all come from the same neuron.
Due to varying physical properties of individual neurons as well as their different
locations relative to any given recording electrode, the spikes associated with different
neurons will have different properties when recorded [46]. When a single electrode
records spikes from multiple neurons, these differences in spike characteristics can be
used to sort the spikes into appropriate categories. Spike sorting provides a means
by which to preserve discriminability of the activity of different neurons even when

further processing such as binning is to be performed.

1.9 Data Reduction for a Fully Implantable Neu-
ral Data Acquisition System

The fact that a significant amount of the recorded neural data (the “baseline noise
trace”) is of essentially no interest suggests that it may be possible to drastically
reduce the amount of data that needs to be sent out of the body by a fully implantable
neural data acquisition system [28]. This can be done with little reduction in the
amount of useful information that is sent. High channel count neural data acquisition
systems collect enormous amounts of data. Developing an implantable telemetry

system capable of dealing with the high data rate needed to send all of this data

13



out of the body presents a daunting challenge. It is wise to reduce the amount of
data that needs to be sent if at all possible, especially when much of the data is
likely to be ultimately ignored. Since the focus of neural data processing is on the
spikes, the telemetry system should also focus on sending out as much information

as is necessary concerning the spikes while avoiding the burden of extraneous data.

In applications in which spike sorting will be performed, each spike waveform (or
some processed version of the spike waveform) must be sent out along with timing
information. In other applications, only the spike timing is needed. At other times,
the option of observing the raw data for a single channel may be desirable. This
ability is useful, for example, during implantation of electrodes or at the beginning
of a recording session in order to obtain an initial assessment of the quality of signals

on individual channels.

1.10 Neural Data Acquisition for a Clinical Brain-
Machine Interface

Clinical BMIs provide a possible means of restoring motor function and communi-
cation to individuals suffering from nerve damage due to spinal cord injury, stroke,
or neurodegenerative diseases. The goal of the work presented here is to address
some of the obstacles standing in the way of a clinical BMI. Specifically, we focus
on the processing and communication needs of a neural data acquisition system for
a clinical BMI. Such a neural data acquisition system should be fully implantable.
Since BMIs have already been demonstrated in a laboratory setting [6,12,13], the
major processing steps for such a system are already known. Consequently, the pri-
mary need is not necessarily to develop new and improved algorithms to perform the
processing. Rather, it is to implement these processing steps in a way that is suitable

for an implantable system. Performance must be balanced with practical limitations.
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Limitations on size, power, and data rate that are not found in the laboratory setting
are present in the clinical setting. This work recognizes that these limitations exist

and seeks to push us closer to understanding how to best deal with them.

In order for a BMI to be viable for general clinical use, it must make use of
a fully implanted neural data acquisition system. The use of a wireless means of
communication between the implanted and external portions of the system requires
that the implanted module perform processing to extract the information that is of
importance from the large quantity of recorded neural data. Thus, the need exists
to investigate spike detection techniques that are appropriate for implantable neural
signal processors. Further, these techniques must be implemented as part of a data
reduction scheme within a neural data acquisition system that is capable of transmit-
ting the processed data out of the body wirelessly. Finally, the funcionality of this
system must be demonstrated while the system is fully implanted in a live animal.
This work seeks to address these needs and in so doing to overcome some of the
obstacles that stand in the way of moving BMIs from the research environment to a

general clinical setting.

15



Chapter 2

System Design

2.1 Overview

This chapter! presents the design of our fully implantable neural data acquisition
system. The work presented here focuses primarily on the processing and commu-
nication aspects of the system. Only aspects of the system design related to this
focus will be presented in depth. However, since it is important to understand these
aspects within the context of the entire system, the other portions of the system will
be introduced and described briefly before the design of the portion of interest is
described in detail. A block diagram of the overall system is presented in figure 2.1.
A simplified picture of the flow of information throughout the system is shown in

figure 2.2.

At the heart of our neural data acquisition system is a single-chip neural signal
processing and telemetry engine that has been implemented in a Field Programmable
Gate Array (FPGA). This device interfaces with three Digitizing Headstage Modules
(DHSMs) and a commercial one megabit per second (Mbps) RF transceiver. Each
DHSM amplifies, filters, and digitizes 32 channels of neural data. The passband of
the DHSM amplifiers extends from 500 Hz to 6 kHz. The neural data is sampled at
31.25 kHz with 12 bits of resolution. Six lines carry the digitized neural data from
the three DHSMs to the neural signal processor, with each line containing serialized

time-multiplexed data for 16 channels. A DHSM is shown in figure 2.3.

The neural signal processor and the transceiver are contained in the Implantable

Central Communications Module (ICCM). A populated ICCM circuit board is shown

ISignificant portions of chapters 2, 3, and 4 appear in [47].
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Figure 2.1: A block diagram of the neural data acquisition system. The Implantable
Central Communications Module (ICCM) located in the bottom left of the figure cor-
responds to the board presented in figure 2.4. The FPGA located on this module
(indicated by the open arrow) is the neural signal processor that is the primary focus
of section 2.2. The ICCM receives neural data from the Digitizing Headstage Modules

(DHSMs) and receives commands from and sends data to the Wireless Communica-
tions Module (WCM).

Flow of Commands and Configuration Information
Flow of Neural Data

|
- ‘J_ <+— | Labview
1
|
|
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DHSMs ICCM WCM Gul

Inside the Body Outside the Body

Figure 2.2: Flow of information through the fully implantable neural data acquisi-
tion system. Commands and configuration information flow from the external portion
of the system to the implanted portion of the system. Neural data is recorded by
the implanted portion of the system and passed out to the external portion of the
system.
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Figure 2.3: The digitizing headstage module (DHSM) circuit board. This board
contains two custom amplifiers, two analog-to-digital converters (ADCs), and a com-
plex programmable logic device (CPLD). Neural signals picked up by the electrodes
are amplified, filtered, and digitized before being passed on to the Implantable Cen-
tral Communications Module (ICCM) for further processing. Each amplifier/ADC
pair processes signals from 16 channels. Thus, each DHSM records from a total of

32 channels.
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transceiver

Figure 2.4: A circuit board designed for components of a fully implantable module
of a neural data acquisition system. This board serves as the Implantable Central
Communications Module (ICCM). The arrows indicate the neural signal processor
FPGA and the transceiver with which it interfaces.

in figure 2.4. The fully populated board measures 40x50x 15 mm in size and weighs
approximately 17 grams. The ICCM receives commands from and sends data to the
Wireless Communications Module (WCM), which is located outside of the body and
in turn communicates with a computer running a custom-designed graphical user
interface. (Refer to figure 2.1.) A board identical to that used for the ICCM is used
for the WCM. Since the ICCM and the WCM must perform different processing
tasks, the FPGAs on the two boards are programmed differently.

The implanted portion of the system, the ICCM and the DHSMs, is powered
by a transcutaneous energy transfer system (TETS), which makes use of inductive
coils. This method of powering the system along with the use of a wireless link
for communication between the ICCM and the WCM allows the system to be fully

implantable, requiring no wires to cross through the skin.
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2.2 Processing Performed by the Implantable Cen-
tral Communications Module

The programmable logic for processing the neural data and interfacing with the
transceiver has been implemented in a Xilinx (San Jose, CA) Virtex-II XC2V1000
FPGA. This implementation has been performed using a combination of the VHDL
and Verilog hardware description languages and consists of more than 50 distinct
modules. The general organization of this processing is shown in figure 2.5. Data
reduction is applied to each set of sixteen channels independently and simultaneously.
The output from the six data reduction modules is then merged together to form a

single stream of data that can be sent to the transceiver.

2.2.1 Data Reduction

Data reduction is a key function of the neural signal processor. Without data reduc-
tion, and assuming no overhead for telemetry, fewer than three full channels of data
could be transmitted using a 1 Mbps transceiver.

(109 bits/second) /(12 bits/sample)
(31250 samples/second/channel)

= 2.67 channels

In order to effectively make use of the 96 channels of input data, data reduction
is necessary. Figure 2.6 shows a diagram of the data reduction scheme for sixteen

channels.

Automatic Bit Selection

One effective method of reducing the amount of data is to simply reduce the bit
resolution of the output data. The DHSMs use 12-bit analog-to-digital converters
(ADCs) and pass all twelve bits to the neural signal processor. However, the use

of all twelve bits is generally unnecessary. For low amplitude signals, the highest
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Figure 2.5: A block diagram of the processing that is performed in the ICCM FPGA. The two primary functions
of this device are to perform data reduction on 96 channels of neural data and to provide a telemetry interface to a
transceiver. Data reduction is performed in parallel on six sets of sixteen channels of data that are provided by the
digitizing headstages. Data from the six data reduction modules is temporarily buffered before being merged into a single
data stream and stored in a transmit buffer. Two transmit buffers are present. During any given 50-ms period one is
being filled while the other is being emptied. The telemetry interface consists of a transmit engine, which processes the
stream of output data that is to be transmitted, and a receive engine, which processes the stream of data sent to this
device by an external command module. The command interpreter adjusts the parameters for data reduction based on
the received commands and configuration information.
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bits contain no information. For high amplitude signals, the resolution provided by
the lowest bits is not critical. These bits can be ignored with minimal loss of useful
information. The neural signal processor performs automatic bit selection to select
the “best” eight bits for each channel. The “best” eight bits are the bits that provide
the highest resolution while still providing sufficient range on a given channel. This
determination is made based on approximately two seconds’ worth of data that are
collected during an initial monitoring period. This monitoring period is initiated by
a Reset command received from the WCM. (The commands are described in section
2.2.3.) The bits are selected to allow for a roughly 25% increase in deviation from the
channel mean over that seen during the monitoring period. Any further processing
within the neural signal processor is then performed on these 8-bit samples. In
addition, the mean value for each channel is computed during the initial monitoring
period. From then on, the mean computed for a given channel is subtracted from
incoming samples on that channel. Consequently, the data to be processed for each
channel is “zero-mean.” Selection of bits for a given sample is made after the mean has
been subtracted. The most significant bit of the 12-bit sample essentially performs
the function of a sign bit, so it is always preserved regardless of which other bits are
selected. Automatic bit selection significantly reduces the amount of data, allows for
a relatively large input range, and retains the resolution of low-amplitude signals.
Figure 2.7 illustrates automatic bit selection.

The DHSMs have a voltage gain of 5000, and the ADCs on the DHSMs have a full-
scale range of 2.4 V. Table 2.1 shows the input-referred voltage range and resolution
corresponding to each set of 8 bits that can be chosen during automatic bit selection.
Additionally, the table shows the set of bits that will be selected as a function of the

maximum deviation from the channel mean observed during the monitoring period.
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Figure 2.7: Automatic bit selection. For each 12-bit sample from the digitizing
headstages, the neural signal processor subtracts the channel mean and then selects
the best 8 bits. When signals have low amplitudes, the large range provided by the
most significant bits is unnecessary, so these bits are not used. When signals have
large amplitudes, the resolution provided by the least significant bits is unnecessary.
For signals with intermediate amplitudes, dropping a combination of most significant
bits and least significant bits is optimal. The ranges in the figure show which set of
bits would be used for signals of high, intermediate, and low amplitudes. The most
significant bit (bit 11) is essentially a sign bit, so it is always used regardless of which
set of 7 additional bits is selected.

24



qc

Table 2.1: Input-referred voltage range and resolution for the sets of 8 bits that can be selected through automatic bit
selection. These input-referred values reflect a gain of 5000 before the ADCs and a full-scale range of 2.4 V for the ADCs.
Bit 0 is the least significant bit of the ADC output. Bit 11, the most significant bit of the ADC output, plays the role of a
sign bit. The first column indicates the range in which the maximum offset from the mean observed during the monitoring
period must fall for a given set of bits to be selected.

Maximum Observed Input-Referred Bits Selected Input-Referred Input-Referred
Offset from the Mean (V) Voltage Range (V) Resolution (V)
<11.7 0 through 6 and 11 -15...15 0.12
11.7...23.4 1 through 7 and 11 -30 ...30 0.23
23.4...46.9 2 through 8 and 11 -60 ...60 0.47
46.9 ...93.8 3 through 9 and 11 -120 ...120 0.94

>93.8 4 through 10 and 11 -240 ...240 1.88




Data Output Modes

The data reduction scheme takes advantage of the fact that, in general, information
regarding the spiking activity of neurons is what is truly of interest. However, since at
times the raw neural signal is of interest, the scheme also allows for the full datastream
from a single channel to be output. The neural signal processor has the option of
outputting data in one of the following four modes: raw streaming data for a single
channel, extracted spike waveforms for any subset of the 96 channels, one-millisecond
bin counts for all 96 channels, and streaming data from a single channel along with
the extracted spikes for that channel. In the streaming data mode, the option exists
of outputting either all 12 bits or only the automatically selected “best” eight bits

for each sample.

In the extracted spikes mode, spikes are detected on all of the enabled channels
using a threshold applied to the absolute value of samples. This is equivalent to
applying both a positive and a negative threshold. This method of spike detection has
been shown to be appropriate for systems with limited computational resources [48].
For each channel i, the threshold is computed as o - + Z;VZI |z;;|, where a is an
operator-defined parameter, z;; are “zero-mean” samples collected from channel ¢,
and N = 4096. For each channel, the mean of the absolute value of samples is
calculated using approximately 131 milliseconds’ worth of data collected following
the initial monitoring period described earlier. This provides an easily computed
measure of the background noise level on the channel. The parameter o allows the
operator to select the sensitivity of the spike detector. « can take on values from 0
through 15 with a step size of 0.5. On a given channel, a spike is detected any time
the threshold is crossed as long as a 1.28-millisecond refractory period has passed
since the last detection. See chapter 6 for a more in-depth look at this method of

spike detection.
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For each detected spike, a 48-byte packet is constructed containing the number of
the channel on which the spike occurred, a two-byte timestamp with one-millisecond
resolution, and a 45-byte spike waveform. Thus shape, timing, and channel informa-
tion is included in the output for each detected spike. The timestamp is synchronized
to a timer contained in the external WCM. As a result, the timing of spikes extracted
within the body can be known relative to events occurring outside of the body. Minor
adjustments to the timer in the neural signal processor are made every 50 ms to pre-
vent drift between the internal and external timers. In addition, every four seconds,
the internal timer is set to exactly match the external timer. The spike waveform
includes 10 samples before the threshold crossing and 35 samples after it.

In cases in which the spike shape is not of interest, the data can be reduced even
further by detecting spikes and outputting bin counts for each one-millisecond period.
Since the temporal extent of a neural spike is on the order of one millisecond, each
one-millisecond bin count has a value of either 0 or 1. The fourth output mode,
streaming data with extracted spikes for a single channel, presents both raw and
reduced data for one channel. For each of these modes, the neural signal processor

outputs a packet of data every fifty milliseconds.

Merging of Output Data

As stated earlier, six lines of serial data, each containing data from 16 channels,
serve as input to the neural signal processor. These six lines are processed in parallel
resulting in up to six separate streams of reduced neural data. Only one stream
of data can be sent to the transceiver. Thus, as the data reduction on each of the
individual lines is performed, the output from the six data reduction modules is

merged together to form a single stream of data to be sent to the transceiver.

This merging procedure is trivial in all data output modes except for the extracted
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spikes mode. In the extracted spikes mode the merging of the data is complicated by
the fact that the amount of data (based on the number of spikes) and the location of
the data (based on the set of 16 channels on which a given spike occurs) cannot be
known beforehand. To deal with this, an extra level of buffering is used to temporarily
hold spikes in each individual sixteen-channel data reduction module until those
spikes can be merged into the single output datastream. Each data reduction module
has its own two-kilobyte first-in-first-out (FIFO) buffer. Each FIFO can hold 42
extracted spikes. As spikes are extracted and placed into these FIFOs, a data merging
supervisor keeps track of the time when spikes are placed into the individual FIFOs
and then reads them out in the proper order. As spikes are read out, the merged
output datastream is stored in a transmit buffer. The system has two transmit buffers
each capable of holding 4800 bytes, which corresponds to exactly 100 extracted spikes.
During a given fifty-millisecond period, one transmit buffer is being filled while the
other is being read out so that its data can be transmitted by the transceiver. At
the end of the fifty-millisecond period, the buffers are switched so that the one that
is now empty can be filled with new data and the one that just finished being filled

can have its data transmitted.

Each transmit buffer has a finite amount of storage space. Before reading a spike
out from a FIFO, the data merging supervisor checks to make sure that the transmit
buffer has space to hold a new spike. If the transmit buffer is full, spikes remain in
the FIFOs until the swap of transmit buffers frees up space to hold more spikes. As a
result, it is possible that a FIFO may fill up and be unable to hold additional spikes.
If spikes are extracted within a data reduction module that has a full FIFO, these
spikes are dropped from the output datastream. With each set of extracted spikes
that is output, the neural signal processor provides an indication for each of the six

data reduction modules of whether or not any spikes had to be dropped from that
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module during the corresponding fifty-millisecond period.

The FIFOs are also used in the streaming data with extracted spikes mode. In
this mode, data is recorded from a single channel. During a 50-ms period, streaming
data is stored in a transmit buffer and extracted spikes are stored in the FIFO for
the data reduction module which corresponds to the active channel. At the end of
the 50-ms period, the streaming data from that period is sent to the transceiver.
The extracted spikes for that period are then read out of the FIFO and sent to the

transceiver.

2.2.2 Telemetry

A telemetry link provides a means of communication between an implanted portion
of a neural data acquisition system and the external world. Our system requires
information to flow in both directions (see figure 2.2). Commands and configuration
information must be sent from the external world into the implanted portion of the
system, and the recorded neural data must be sent from inside the body out to
the external world. Our bidirectional telemetry link consists of the following three
components: a transceiver, transmit and receive engines within the FPGA in order to
interface with the transceiver, and an antenna with matching network. The external

unit (the WCM) and the implantable unit (the ICCM) have each of these components.

Transceiver

We use a commercial 1 Mbps transceiver with a carrier frequency of 916.5 MHz
(TR1100, RF Monolithics, Inc., Dallas, TX). This transceiver is intended for use in
applications in which low power, short-range wireless communication is needed. The
transceiver uses amplitude-shift keyed modulation. This form of modulation allows

binary data to be transmitted by simply representing a low bit by a low transmitted
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power level and a high bit by a higher transmitted power level [49].

Transceiver Interface

The transceiver uses a three-line interface. One line determines the transceiver’s
transmit/receive state. Another line serves as the input to the transceiver when in
transmit mode. The third line serves as the output from the transceiver when in

receive mode.

The transmit engine formats the single stream of output data (see section 2.2.1)
so that it can be transmitted successfully over the telemetry link. A packet consisting
of the output data and header information is assembled so that the receiver can both
interpret and perform error-checking on the received data. Each byte is encoded
into a 10-bit symbol (8b/10b encoding [50]) to ensure that the bitstream that is sent
to the transceiver is DC-balanced, to allow for the use of special symbols, and to
ensure that the minimum transition requirements for bit recovery are met. Finally,
the encoded bitstream is sent serially to the transceiver.

The receive engine takes the bitstream that is output from the transceiver and
reconstructs and decodes it. No timing or framing information is received apart from
that which can be extracted from the received serial data stream. When receiving
data, the receive engine first recovers the bitstream present in the received data line
using a data locked loop [51]. Once the individual bits and framing information
have been recovered, 10-bit symbols are decoded and interpreted based on the packet
structure. Finally, the received commands and data are passed out of the receive
engine for further use within the system.

The presence of both a transmit engine and a receive engine provides the capa-
bility for bidirectional communication. The transmit and receive engines are com-

plementary. In other words, the receive engine is designed to properly interpret data
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that has been processed by the transmit engine. Consequently, both the implantable
module and the external module use these engines to interface with their respective

transceivers.

Matching Network and Antenna

The transceiver is connected to an antenna through a matching network. The match-
ing network has been tuned to match the impedance of the antenna with that of the
transceiver and to facilitate the efficient transfer of power between the transceiver
and antenna. Different types of antennas are used for the WCM and the ICCM. The
ICCM antenna is constrained by the fact that it must be implantable. We primarily
used two designs for the ICCM antenna — a dipole made of floppy, stranded stainless
steel wire and a monopole made by stripping off the appropriate length of shielding
from a coaxial cable. The monopole and each leg of the dipole were 4 cm long. The
latter design was found to be preferable since it was easier to implant.

The WCM antenna essentially has no constraints since it is part of an external
unit. We primarily used a 5-element Yagi antenna (ANT-916-YG5-N, Antenna Fac-
tor, Merlin, OR) or a commercial half wavelength dipole (ANT-916-MHW-RPS-S,

Antenna Factor, Merlin, OR) as the WCM antenna.

2.2.3 Command Interpretation

The neural signal processor is capable of responding to the following five commands
from the WCM: 1) Loopback, 2) Write Configuration Registers, 3) Read Configura-
tion Registers, 4) Request Acquired Data, and 5) Reset. In typical operation, the
ICCM expects to receive a command from the WCM every fifty milliseconds.

The Loopback command is sent by the WCM in a packet along with 256 data

bytes. Upon receiving this packet, the ICCM responds by echoing back the received
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data. This command is used to ensure that the communication pathway is operating
properly. The Write Configuration Registers command is used to configure settings
within the implantable portion of the system. The packet in which this command is
sent contains information for setting a channel enable list, the data acquisition mode
(one of the four modes described in section 2.2.1), the operator-defined parameter
used in calculating thresholds («), and additional setting for the DHSMs. In response
to this command, the ICCM updates its internal settings and sends a copy of the
received data back to the WCM. The Read Configuration Registers command allows
the external module to determine the current settings of the neural signal processor.
In response to this command, the ICCM transmits its current configuration settings.
It also sends an indication of which eight bits were selected for each channel during
the automatic bit selection. This information is necessary for mapping the data that
are sent back to the external module into actual voltages. The Request Acquired Data
command is the command that allows the WCM to obtain the neural data that has
been acquired over the past fifty milliseconds. The format of the data output by the
neural signal processor in response to this command is based on the data acquisition
mode setting. The final command, Reset, initiates the calculation of channel means,

automatic bit selection, and the calculation of thresholds.

2.3 Processing Performed by the Wireless Com-
munications Module

The WCM’s primary function is to simply communicate with the ICCM. The WCM
relays commands to the ICCM and receives data from the ICCM so that that data
can be used elsewhere. Depending on the end use of the neural data, the data received
by the WCM may be useful directly in the form in which it is output by the ICCM.

However, in some cases further processing of the data is desirable. Two additional
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processing steps have been implemented within the WCM — 50-millisecond binning

and real-time spike sorting.

2.3.1 Fifty-Millisecond Binning

The ICCM has the capability of outputting 1-ms bin counts. While this provides
resolution of individual spikes, ultimately it is not the most useful form of binning.
Bin counts are generally used to provide an estimate of instantaneous firing rates.
The temporal duration of a spike is on the order of 1 ms. Thus, 1-ms bin counts are
not very useful in providing an estimate of the instantaneous firing rate. Commonly
used bin widths are on the order of 50 or 100 ms [6,12,14]. The WCM has the
capability of compiling the 1-ms bin counts provided by the ICCM into 50-ms bin

counts and outputting these more standard bin counts.

2.3.2 Spike Sorting

The main purpose for providing the ICCM with the ability to extract spike wave-
forms rather than to only detect spikes is to allow for spike sorting. Spike sorting is
commonly performed within BMI and other neural data acquisition applications. It
is generally a computationally intense process. Spike sorting is commonly performed
in a two-phase process: spike templates are generated during a learning phase and
then template matching is performed in a real-time phase. The task of template
matching is computationally suitable for implementation in a fully implantable sys-
tem; however, the process of generating templates is computationally complex and
typically requires supervision. The programmable logic contained in our system is not
well-suited to perform many of the mathematical manipulations (principal compo-
nent analysis, for example) that are often used in generating templates. Commercial

software that provides the functionality and necessary user interactivity to generate
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templates is in common use. Our approach to spike sorting takes advantage of this
existing software in order to generate templates. These templates are then used to
perform real-time template matching within the WCM. The flow of spike information

during spike sorting is presented in figure 2.8.

Generating Templates

Templates are commonly computed simply as the average of several extracted, aligned
spike waveforms, where the spikes have by some manner been determined to have
come from the same neuron. The WCM has the ability to output the extracted spike
waveforms that it receives from the ICCM. These waveforms are aligned on their
threshold crossings. In the first phase of spike sorting, the WCM outputs extracted
spike waveforms. These spikes are passed on to commercial spike sorting software by
means of our custom graphical user interface. The spike sorting software generates
up to four templates per channel based on the extracted waveforms. These templates
are then uploaded to memory in the WCM’s FPGA for use in the real-time template-
matching phase.

From the WCM’s point of view, the details of how the templates are generated
do not matter. The WCM simply passes out extracted spikes for a period of time
and expects to be given back a set of templates. See section 2.4 for more details on

how we actually go about generating the templates.

Real-Time Template Matching

During the real-time template-matching phase, the ICCM continues to detect and
extract spikes and send them to the WCM. As the WCM receives extracted spikes, it
compares the received spike with up to four templates that were generated from the

spikes found on the corresponding channel during the template-generating phase. The
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sum of squared errors (SSE) between the extracted spike and each of the applicable
templates is computed. Each template is also shifted one and two samples (32 us per
sample) in each direction in order to reduce errors due to alignment issues. A spike is
classified as matching the template that either in its original form or a shifted form
results in the minimum SSE as long as the computed SSE is below a specified value.
Based on these classifications, the WCM generates 50-ms bin counts for each unit.
These 384 bin counts (4 units/channel * 96 channels = 384 units) are sent out of

4

the WCM every 50 milliseconds. In addition a count for an “unclassified” category
is generated and output for each channel. A spike is placed into this category if no
templates have been stored for the channel from which the spike was extracted or if
the spike does not sufficiently match (based on the SSE metric) any of the applicable
templates. Finally, the option exists to output each individual extracted waveform

along with its classification category and an indication of the amount of template

shifting that was found to be optimal.

2.4 Graphical User Interface

We have developed a LabView graphical user interface (GUI) to serve as a link
between a user and the WCM. The WCM interfaces to a digital [/O data acquisition
card (653X, National Instruments, Austin, TX) installed in the computer running the
GUIL A user can view and store data output from the WCM through this interface.
This also provides a means by which commands and configuration information can
be sent to the WCM and ultimately to the ICCM.

Most of the processing performed by the GUI simply assists the user in properly
interpreting the data. For example, the neural data output by the WCM must be
scaled appropriately in order to be displayed in microvolts. The scaling depends on

which bits were selected during the automatic bit selection procedure and may differ
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Figure 2.9: Screenshot of the LabView graphical user interface used for interacting
with the WCM. The channel enable list, the multiplier for computing thresholds
(alpha), and the DHSM settings are visible. At the time this screenshot was taken,
the ICCM was outputting extracted spikes and the WCM did not perform any further
processing on those spikes.

for each channel. The GUI properly scales and displays the data based on the results
of the Read Configuration Registers command (see section 2.2.3). Also, data must
be displayed differently depending on what kind of data is being output from the
WCM. Streaming data, extracted spikes, and bin counts are all displayed differently,
in ways that allow the user to assess the data properly in real time. A screenshot
of the GUI is shown in figure 2.9. In addition, the GUI saves all of the data output
from the WCM to logfiles. A Matlab graphical user interface has been developed to

allow for offline analysis of these files.

The GUI does play an important role in the spike sorting process — specifically in
the first phase. During this phase, the WCM passes extracted spike waveforms to the
GUI, which then saves these waveforms to a file that can be read by the commercial
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spike sorting software. We use the Plexon (Dallas, TX) Offline Sorter software. The
extracted spikes are saved in the .plx file format. The user then utilizes the features
and functionality of the Offline Sorter to generate templates. This would typically
involve having Offline Sorter map each waveform to a point in principal component
space followed by a user manually drawing circles around distinct clusters of points
within the space. Once all of the spikes have been classified, templates are computed
as the average of all of the spikes within a cluster. The templates are saved in Plexon’s

.tpl file format and the GUI uploads them to memory in the WCM’s FPGA.
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Chapter 3
System Evaluation

This chapter presents the results of testing various aspects of the fully implantable
neural data acquisition system. This evaluation focuses primarily on the processing

performed within the system but touches on other aspects of the system as well.

3.1 Neural Signal Simulator

In order to evaluate the performance of the system’s spike processing, known data
must be used as input. We developed a neural signal simulator to provide input to
our system. The simulator is made up of two main components — an analog output
card and an attenuator board. We use a National Instruments 6723 analog output
card to output up to 32 analog waveforms. The waveforms may either be read in
from a file and then output through the analog output card repeatedly (i.e., restarting
from the beginning once the waveforms reach their ends), or they may be generated
in real-time by a LabView application running on the computer in which the analog

output card is installed.

The 32 analog waveforms are then passed to the attenuator board, which is shown
in figure 3.1. The attenuator board reduces the amplitude of the signals by a factor of
10000. This results in signals within the physiological range of extracellular potentials
(on the order of tens or hundreds of microvolts). The attenuator board also has an
output impedance similar to that of microelectrodes (on the order of a few hundred
kilohms). Finally, the attenuator board maps the 32 input channels from the analog
output card to 96 output channels that can serve as input into our neural data

acquisition system. Several of the 32 simulated waveforms are mapped to multiple
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Figure 3.1: Attenuator board for neural signal simulator. Simulated neural wave-
forms are output from an analog output card and passed into this board. The signals
pass through resistor networks to attenuate the voltage by a factor of 10000. The
signals can then be fed into the DHSMs. (A) Connectors to input signals from the
analog output card. (B) 32 resistor networks used to attenuate voltage. (C) Connec-
tors into which DHSMs can be plugged.

channels, but each set of 16 channels contains 3 channels that are not used elsewhere.

This allows unique sets of signals to be input onto each set of 16 channels.

The key advantage of using the simulator for testing and characterization of the
system’s spike processing is that the simulated waveforms are fully customizable. As
a result, information indicating the timing and unit classification of all “true spikes”
in those waveforms can be known. Thus, unlike live animal recordings, a standard

exists with which to compare the results of the spike processing system.
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3.2 ICCM Neural Signal Processing

3.2.1 FPGA Utilization and Power Consumption

The VHDL and Verilog hardware description of the ICCM FPGA consists of ap-
proximately 6000 lines of code. The design utilizes almost all of the resources of the
FPGA. Specifically, 49% of the FPGA’s 10240 flip-flops, 93% of the FPGA’s 10240
4-input look-up-tables, and 100% of the FPGA’s 40 18-kilobit blocks of RAM are

used by the design.

The FPGA consumes approximately 100 mW of power. It uses 53 mA from a
1.5 V supply and 7.6 mA from a 3.3 V supply. Each sixteen-channel data reduction
module is responsible for approximately 10 mW of power consumption. The data
merging, telemetry processing, command interpretation, and system supervision have
a combined consumption of about 20 mW. Additionally, the FPGA has a quiescent
power consumption of roughly 20 mW, bringing the total power consumed to 100

mW.

3.2.2 Automatic Bit Selection

In order to test the automatic bit selection feature of the neural signal processor,
we used the neural signal simulator to generate waveforms with spikes of varying
amplitudes. One period of a 2 kHz sine wave with a 180° phase-shift was used as
the spike waveform. The spikes occurred at a rate of 20 times per second. No noise
was incorporated into these waveforms. Each waveform was used as input to a single
channel of a DHSM. The neural signal processor performed automatic bit selection
on each waveform. Table 3.1 shows which bits were selected for waveforms with
different spike amplitudes. Spike amplitudes were increased in steps of 10 V. The

table shows the results for spike amplitudes at the boundaries for the various sets of
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Table 3.1: Bits selected for waveforms with spikes of various peak amplitudes.

Spike Amplitude (uV) Bits Selected

0 2 through 8 and 11
20 2 through 8 and 11
30 3 through 9 and 11
70 3 through 9 and 11
80 4 through 10 and 11

bits. The two lowest sets of bits, bits 0 through 6 and bits 1 through 7, were never
selected due to noise and distortions added to the waveforms by the attenuator board
and recording circuitry. Discrepancies between the results shown in Table 3.1 and
the first two columns of Table 2.1 are also due to the noise and distortions added by

the attenuator board and recording circuitry.

3.2.3 Spike Detection

We evaluated our system’s spike detection performance over a wide range of signal-to-
noise ratios (SNRs). Spike detection was performed using thresholds computed based
on each of thirty different multipliers for each SNR. The spike detection performance
of our system was then compared with the performance of offline spike detection
performed on the waveform seen by the neural signal processor and on the original

input waveform.

We constructed waveforms by first selecting a 2-second noise waveform from a
cortical microelectrode recording made by our system from a rat. This segment was
classified as noise based on the fact that it had no visible spikes. We also created
a spike template, which was simply the average of similarly shaped spikes extracted
from a single channel. Next we randomly selected 40 spike times at which to add a
copy of the template to the 2-second noise waveform. Spikes were placed no closer
than 1.6 ms from each other. We constructed fifteen waveforms. They had SNRs
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ranging from 1 through 15. FEach of these fifteen waveforms used the same noise
waveform, spike template, and spike times. They differed only in the scaling of the

spike template. We define SNR as

SNR — peak amplitude of scaled template

standard deviation of 2-second noise waveform

The waveforms used here are the same as the ones used in section 6.2.4.

Each of the fifteen waveforms was passed through the neural signal simulator into
our neural data acquisition system once for each of the thirty different multipliers.
We used multiplier (i.e., alpha) values from 0.5 through 15 with steps of 0.5. For each
combination of SNR and multiplier, the ICCM was given a Reset command causing
it to compute thresholds at a random point in time within the 2-second waveform.
The ICCM was put into the streaming data with extracted spikes data acquisition
mode. Spike detection performance was then evaluated based on two parameters —
the probability of detection (Pp) and the rate of false alarms (Rg4). The probability
of detection is defined as

. Ncorrect
actual number of spikes in the waveform

and the rate of false alarms is defined as

total number of detections — N,oprect

Ros =
k4 temporal duration of waveform

where Niyreer 18 the number of correctly detected spikes. Note that while Pp is
unitless, Rr4 has units of false alarms per second.

Spike detection performance was evaluated for the following three circumstances:
(1) spike detection as performed by the ICCM’s neural signal processor, (2) spike

detection as performed by a Matlab program on the waveform seen by the ICCM’s
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neural signal processor, and (3) spike detection as performed by a Matlab program

on the original input waveform.

The neural signal processor’s performance was computed based on comparing
the timestamps of the extracted spikes to the known true spike times. (Remember
that the true spike times are known because the spike times were chosen during
the process of constructing the simulated waveforms.) Making this comparison is
complicated by the fact that an unknown offset exists between the reference time
for the timestamp (i.e., the time at which the timestamp has a value of zero) and
the reference time for the true spike times. We addressed this problem by feeding
a waveform that consisted of a single synchronization pulse at the beginning of the
2-second period into a different channel of the neural data acquisition system. The
timestamp of the extraction of this pulse was then used as the reference time for
timestamps. Detections made within 1.5 ms of a true spike time were counted as
true detections. Otherwise, detections were counted as false positives. Since the
neural signal processor’s timestamp has a resolution of 1 ms, we added 0.5 ms to
each timestamp before making the comparisons to the true spike times. This was
done because a spike whose detection time t fell in the range ¢ < ¢t < i+ 1 for an
integer ¢« would have a timestamp of 7.

The waveform seen by the neural signal processor was known because the ICCM’s
data acquisition mode was streaming data with extracted spikes. Spike detection was
performed offline on the streaming data using a threshold computed as alpha times
the mean of the absolute value of the entire 2-second streaming waveform. Note
that since the neural signal processor computes its threshold based on a randomly
selected 4096-sample window, the thresholds used in these two circumstances will
not be exactly the same. We had to align the waveform seen by the neural signal

processor with the original input waveform so that comparisons between detection
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times and the true spike times would be meaningful. This was done by finding the
sample within the streaming data that corresponded to a particular timestamp value
assigned during an extraction. The offset in timestamp values was then taken care
of through the use of the synchronization pulse as described above. This procedure
results in knowledge of which sample in the waveform seen by the ICCM corresponds
to which sample in the input waveform. This alignment procedure can be seen to
work well by noting that the waveform in figure 3.3(a) is aligned properly with respect
to the waveform in figure 3.3(b). Once alignment was completed, detections within
1.5 ms of a true spike time were counted as true detections, and other detections were

considered to be false positives.

Finally, spike detection was also performed on the original input waveform (i.e.,
the waveform used as input to the neural signal simulator). Note that this waveform
does not exactly match that seen by the neural signal processor since the act of passing
the signal through the neural signal simulator and the DHSMs affects the signal. Spike
detection in this circumstance was again performed using a threshold computed as
alpha times the mean of the absolute value of the entire 2-second waveform. Once
again, detections were considered to be true detections if and only if they occurred
within 1.5 ms of a true spike time.

Figures 3.2(a) and 3.3(a) show examples of waveforms seen by the neural signal
processor along with the times at which spikes were detected by the neural signal
processor, the times at which spikes were detected by the offline spike detection,
and the true spike times. Figures 3.2(b) and 3.3(b) show examples of original input
waveforms along with the times at which spikes were detected by the offline spike
detection and the true spike times. Figure 3.4 shows, for each SNR, the probability of
detection and the rate of false alarms computed for each of the three circumstances as

a function of the multiplier value. Figure 3.5 shows receiver operating characteristic
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(ROC) curves for each of the three circumstances for each SNR. In these curves we

plot Pp versus Rpa. (For more on ROC curves, see section 6.4.7.)

3.2.4 Spike Extraction

In order to investigate the circumstances under which the neural signal processor will
drop extracted spikes from the output datastream, we examined the effect of firing
rate and the distribution of enabled channels on when a data reduction module’s
FIFO would overflow. In each trial, either 16 or 32 channels were enabled. The
following three channel distributions were used: 1) 16 channels enabled — all 16
channels belonging to the same data reduction module; 2) 16 channels enabled — 8
channels belonging to one data reduction module and the other 8 channels belonging
to a different data reduction module; and 3) 32 channels enabled — 16 channels
belonging to one data reduction module and the other 16 channels belonging to a
different data reduction module. For each trial, one of these channel distributions
was selected and a per-channel firing rate was selected. Based on this firing rate,
waveforms were generated with equal spacing between the spikes and provided as
input to our system using the neural signal simulator. For a given trial, identical
waveforms were used as input to all of the enabled channels.

When 16 channels all belonging to the same data reduction module were enabled,
spikes were first dropped at a firing rate of 126 spikes per second per channel. When
16 channels evenly split between two data reduction modules were enabled, spikes
were also first dropped at a firing rate of 126 spikes per second per channel. In both
of these cases, no FIFO overflow was observed at a firing rate of 125 spikes per second
per channel. Also, in both cases at a firing rate of 126 spikes per second per channel,
roughly 20% of the packets indicated that spikes were dropped. At a firing rate of

130 spikes per second per channel, generally every other packet indicated dropped
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Figure 3.2: Spike detection comparison for SNR=6 and alpha=4.5. (a) Waveform
seen by the ICCM’s neural signal processor. The dots above the waveform indicate
the true spike times, the spike times as detected by the neural signal processor,
and the spike times as detected by Matlab in an offline analysis of this waveform,
respectively from top to bottom. (b) Original waveform input into the neural signal
simulator. The dots above the waveform indicate the true spike times and the spike
times as detected by Matlab in an offline analysis of this waveform, respectively from
top to bottom. o7
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Figure 3.3: Spike detection comparison for SNR=10 and alpha=4.5. (a) Waveform
seen by the ICCM’s neural signal processor. The dots above the waveform indicate
the true spike times, the spike times as detected by the neural signal processor,
and the spike times as detected by Matlab in an offline analysis of this waveform,
respectively from top to bottom. (b) Original waveform input into the neural signal
simulator. The dots above the waveform indicate the true spike times and the spike
times as detected by Matlab in an offline analysis of this waveform, respectively from
top to bottom. 18
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Figure 3.4: Probability of detection (Pp) and rate of false alarms (Rpa) as a function of threshold multiplier value
(alpha). Spike detection performance on simulated waveforms with SNRs from 1 through 15 is shown. The plots show a
comparison of spike detection as performed by our system (iccm), as performed by Matlab on the waveform seen by the
ICCM (noisy), and as performed by Matlab on the original simulated waveform (input).
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spikes.

In the case of 32 enabled channels, spikes were first dropped at a firing rate of 63
spikes per second per channel. Approximately 15% of packets indicated that spikes
were dropped. In this case, no FIFO overflow was observed at a firing rate of 62
spikes per second per channel. At a firing rate of 65 spikes per second per channel,

generally every fourth packet indicated dropped spikes.

3.2.5 Latency

We explored the latencies present in our system between when a spike occurs and
when the corresponding extracted spike is received and is ready for further use within
the WCM. We examined how these latencies behave as the overall firing rate of the
input channels changes. A waveform with a firing rate of approximately one spike
per second was used as input on a “target channel.” The latency was computed as
the time between when the analog output card generated a spike for this channel and
when a spike from this channel was received and ready for further processing within
the WCM. Four different trials were run, each with different overall firing rates. In
each trial, the latencies for 500 spikes were measured. Spikes that were generated
but were never received by the WCM were considered to be dropped spikes.

In each trial, 25 channels in addition to the target channel were enabled. Twelve
of these channels belonged to the same data reduction module as the target channel
and the other 13 channels belonged to a different data reduction module. In the first
trial, the target channel was the only channel with spikes. The mean latency was
26.7 ms. A histogram of the latencies for this case is shown in figure 3.6(a). In the
second trial, each of the 25 enabled non-target channels had a firing rate of 40 spikes
per second, for an overall firing rate of approximately 1000 spikes per second, or 50

spikes per 50 ms. The mean latency was 51.0 ms. The histogram for this case is
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shown in figure 3.6(b). In the third trial, each of the 25 enabled non-target channels
had a firing rate of 79 spikes per second, for an overall firing rate of just under 2000
spikes per second, or 100 spikes per 50 ms. The mean latency was 74.9 ms and the
histogram is shown in figure 3.6(c). No spikes were dropped in these first three cases.
In the final trial, each of the 25 enabled non-target channels had a firing rate of 85
spikes per second, for an overall firing rate of approximately 2125 spikes per second.
The mean latency was 120.3 ms and 20 out of the 500 spikes were dropped. The

histogram for this case is shown in figure 3.6(d).

3.3 Timestamp Synchronization

It is often desirable to align neural data with other simultaneously recorded data (po-
sition or velocity data, for example) so that temporal correlations and relationships
between the two sets of data can be investigated. With percutaneous, wired neural
data acquisition systems, this can be achieved relatively easily by feeding the analog
neural data and other analog data into a single processing unit that can then sample
all of the individual lines of data. This type of setup makes aligning the two sets of
data trivial since the relationship between when different lines are sampled is known.
The alignment process is more difficult for a fully implantable system due to the fact
that the neural data are sampled by one processor inside the body and external data
must be sampled by a different processor outside the body.

As mentioned in section 2.2.1, the ICCM’s neural signal processor provides a
timestamp with each extracted spike. This timestamp is synchronized to a timer in
the WCM. The WCM’s timer is accessible to the outside world and can consequently
be used to align data collected externally with the spikes extracted internally. Figure
3.7 shows that the WCM and ICCM timestamps are well synchronized. The ICCM

timestamp increments approximately 12us after the WCM timestamp increments.
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Figure 3.6: Histograms of latencies between when spikes occurred and when they were received and ready for further
processing by the WCM. The overall firing rates on the inputs were (a) 1 spike per second, (b) approximately 1000 spikes
per second, (c¢) approximately 2000 spikes per second, and (d) approximately 2125 spikes per second. Each bin covers a
five-millisecond range. A bin for spikes that were not transmitted due to buffer overflow is included as well.



The timestamps have a resolution of 1 ms, so this delay is relatively insignificant.
Figure 3.7(a) shows a single transition of the timestamps and figure 3.7(b) shows the

accumulation of approximately 5 minutes of timestamp transitions.

3.4 Telemetry

The Loopback command was used to test the digital processing involved with teleme-
try and to ensure the integrity and reliability of the telemetry link. As stated earlier,
the Loopback command is sent along with known data by the WCM every fifty mil-
liseconds. The ICCM receives this data and sends a copy of what it has received
back to the WCM. In this test, the WCM compared the data it received from the
ICCM with the data that was originally sent. The WCM then provided an indication
of whether or not the received packet contained the correct data. In addition, the
WCM kept track of the number of dropped packets (packets that were sent for which
no response was received). The system was run in the Loopback mode for one hour.
Out of a total of 72000 packets (one every fifty milliseconds), 12 packets (0.017%)
contained errors and 24 packets (0.033%) were dropped. During this test a distance
of 2 m separated the ICCM from the WCM.

See section 3.6.2 for results of testing telemetry while the system was fully im-

planted.

3.5 Spike Sorting

We demonstrated the spike sorting feature of our system by constructing a waveform
with four distinct spike shapes in it and feeding this into our system using the neural
signal simulator. As described in section 2.3.2, in the first phase of spike sorting, the
ICCM extracts spikes. These spikes are ultimately sent to commercial spike sorting

software in which templates are generated. Figure 3.8 presents a screenshot of the
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Figure 3.7: Synchronization of ICCM and WCM timestamps. (a) Screenshot from a
logic analyzer showing the ICCM timestamp (ICCMTS) incrementing approximately
12 ps after the WCM timestamp (WCMTS) increments. The filled arrow points to
the time at which the WCM timestamp increments and the open arrow points to
the time at which the ICCM timestamp increments. (b) Screenshot from the logic
analyzer showing that the ICCM timestamp consistently increments approximately
12 ps after the WCM timestamp increments. This figure shows the accumulation of
approximately 5 minutes of timestamp transitions. Again, the filled arrow points to
the time at which the WCM timestamp incremented (the event on which the logic
analyzer was triggered) and the open arrow points to the range of times over which
the ICCM timestamp incremented during the 5-minute period.
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Table 3.2: For a given SNR, percentage of spikes for which a given amount of
template shifting resulted in the minimum sum of squared errors.

SNR
13 10 7 5
shift left 2 samples 0 0 2 4
shift left 1 sample 11 9 16 12
no shift 7 77 67 48
shift right 1 sample || 12 14 14 33
shift right 2 samples || 0 0 <1 3

spike sorting software after clustering has been performed. Figure 3.9 shows the
results of the real-time template-matching phase after the templates from figure 3.8

were uploaded into the WCM.

As mentioned in section 2.3.2, the WCM attempts to match incoming extracted
spikes with shifted versions of the templates in addition to the original templates.
Tables 3.2 and 3.3 provide some insight into the effect of shifting templates. For
each of four different SNRs, we simulated spikes, generated templates, and then
had the WCM perform template matching on approximately 200 to 300 spikes. The
extracted spikes are shown in figure 3.10. Table 3.2 shows for each SNR the percentage
of extracted spikes for which a given amount of template shifting resulted in the
minimum SSE. Table 3.3 provides a comparison of the optimal SSEs achieved using
template shifting and the SSEs that would have been obtained if no template shifting
had taken place. Finally, table 3.4 gives a feel for the SSEs that result from comparing
spikes of one size to templates of another size. This table presents the SSEs when

the templates of the four SNRs are compared against each other.

3.6 Live Animal Recordings

The system evaluation presented so far in this chapter has involved testing our system

on the bench. As mentioned in section 3.1, this type of testing is critical because it
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Figure 3.9: Results of real-time template-matching phase. The spikes were extracted
by the ICCM and sorted by the WCM using the templates from figure 3.8. Spikes
classified as belonging to the same unit have the same color.
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Figure 3.10: Extracted spikes for the four SNRs in tables 3.2-3.4.
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Table 3.3: Mean sum of squared errors (SSE) for spikes that led to a given amount
of template shifting. For each SNR, the numbers on the left give the mean SSE
between the spikes and the non-shifted template. The numbers in parentheses on the
right give the mean SSE between the spikes and the optimally shifted template. The
units are 10% pV?2. A dash (-) indicates that no spikes with a particular SNR led to
a given amount of template shifting.

SNR
13 10 7 )
shift left 2 samples || — (-) - (=) 18 (5) 13 (6)
shift left 1 sample || 14 (7) 9 (5 7 (4 8 (6)
no shift 6 (6) 5 (5) 4 (4) 5 (5)
shift right 1 sample || 12 (6) 12 (6) 7 (5) 7 (5)
shift right 2 samples || — () - (=) 18 (5) 17 (7)

Table 3.4: Sum of squared errors between pairs of templates. Again, the units are
103 pV?2.

template for SNR
13 10 7 5

130 18 72 117

O - 0 19 45
template for SNR 7 0 6
5 - - - 0
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allows us to put known, customizable signals into our system. This provides a true
standard with which to compare and evaluate our system’s spike processing. Since
the primary focus of this work is the processing performed within our system, the
majority of the testing and evaluation of the system has been performed on the bench.
The end goal of our fully implantable neural data acquisition system, however, is use
in a clinical application. Thus, we have performed live animal recordings to show
the feasibility of using this system within such an application. This section will not
go into extensive detail concerning these recordings but will show enough to indicate

that the processing performed by our system works in realistic circumstances.

3.6.1 Percutaneous

Using the ICCM in conjunction with up to three DHSMs and a module for sending
commands and receiving data (i.e., the WCM), we successfully recorded neural data
percutaneously from an owl monkey and from Sprague Dawley rats. In these cases,
only the microelectrode arrays were implanted. This allowed us to test the func-
tionality of our system with real data without having to implant an entire module.
The telemetry link was in use during these recordings even though the system was
not implanted. The entire path for the flow of information through the system, as
depicted in figure 2.2, was utilized during these recordings.

Each of the various output modes was tested during the live animal recordings.
Figure 3.11 shows fifty milliseconds of 8-bit streaming data recorded from an owl
monkey. Figure 3.12 shows the output from our system while in the extracted spikes
mode. The figure shows spikes extracted during a fifty-millisecond period and in-
cludes information concerning the spike shape, time, and channel. This spike extrac-
tion was performed while recording from a rat with 32 enabled channels. During this

particular fifty-millisecond period, spikes were detected on four channels. Finally,
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Figure 3.11: Output of the streaming data mode. The figure shows fifty milliseconds
of data recorded from an owl monkey.

figure 3.13 shows the output of the streaming data with extracted spikes mode. This
includes fifty milliseconds of raw neural data followed by the spike extracted during

that time period.

The fact that these recordings were made percutaneously also allowed us to make
a comparison between data recorded by our system and data recorded by another
commonly used neural data acquisition system. Figure 3.14 shows a comparison
between recordings from a rat. One set of recordings was made using our system and
another set was obtained using a wired Plexon neural data acquisition system. The
two sets of data were recorded sequentially rather than simultaneously. As a result,
the two systems did not record the exact same spikes; however, they did record from
the same neurons. Channel 17 in this figure is of particular interest since two clearly
distinguishable units are visible. Figure 3.15 shows extracted spikes from channel 17
in two different formats — a typical overlay of the extracted spikes and a density plot,

which aids in visualization of the two distinct units.

Figure 3.16 shows spikes extracted by our system from selected channels over

a roughly one-minute period of recording from an owl monkey. Figure 3.17 shows
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0.5ms
31 28 31

channel number 17 23

timestamp (sec) 17.172 17.175 17.184 17.184 17.204

Figure 3.12: Output of the extracted spikes data acquisition mode. The figure shows
spikes extracted during a fifty-millisecond period of recording from a rat. For each
detected spike, a one-byte channel number, a two-byte timestamp, and a 45-byte
waveform are output by the neural signal processor. In the figure, the three-byte
header has been removed for each spike, and the corresponding channel number and
timestamp have been indicated below each extracted waveform. During this par-
ticular fifty-millisecond period, two spikes were extracted from one channel (channel
number 31) and one spike was extracted from each of three other channels. A vertical
scale is provided for each individual extracted waveform because, due to different bits
being automatically selected for the different channels, the channels do not all have
the same vertical scale. The horizontal scale is the same for all extracted spikes.
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Figure 3.13: Output of the streaming data with extracted spikes data acquisition
mode. The figure shows fifty milliseconds of data recorded from an owl monkey
followed by the spike extracted during that period of time. As in the extracted spikes
mode, each extracted waveform is accompanied by a one-byte channel number and a
two-byte timestamp.

the same data after extractions that appear to just be noise (or possibly misaligned

spikes) have been removed.

3.6.2 Fully Implanted

Our system has been implanted acutely in six sheep. The electrodes were implanted
into the cortex through a craniotomy. (An electrode array is shown in figure 3.18.)
The DHSMs lay on the skull underneath the scalp. The ICCM was implanted in the
upper chest or neck region. Cables were tunneled underneath the skin to connect
the DHSMs to the ICCM. The TETS secondary coil and the implantable antenna
were extended away from the ICCM and also implanted underneath the skin. We
successfully powered the system with the TETS. Wireless communication between
the WCM and ICCM allowed us to successfully transmit commands and data over a
range of 2 m. A picture of the system packaged for implantation is shown in figure

3.19.
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Figure 3.14: Comparison of neural data collected by the Plexon data acquisition system and our data acquisition system.
Recordings from a rat were made sequentially (i.e., not simultaneously) using the two systems. The first and third columns
show spikes extracted from data collected by the Plexon system for given channels. The second and fourth columns show
extracted spikes collected by our system for the corresponding channels. The Plexon system spikes were extracted from
the recorded streaming data using Plexon’s Offline Sorter software after the recording session was finished. Our system’s
spikes represent the output of the system in “extracted spikes” mode. Extracted spikes that were clearly noise were
removed from this figure.
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Figure 3.15: The left panel shows extracted spikes from a single channel. The spikes
are overlaid on top of each other and aligned by their threshold crossings. The right
panel shows a “density plot” of the same extracted spikes. The color of any given
area is determined by how many waveforms cross through that area with dark blue
representing the smallest numbers and dark red representing the largest numbers.
This representation can be more useful than the simple overlaid spike representation
in visualizing the number of distinct units present within a set of extracted spikes.
Figure 3.20 shows a sample of neural data recorded using the fully implanted
system. Figure 3.21 shows spikes extracted by our system from selected channels
over a roughly one-minute period of recording from a sheep while the system was

fully implanted.

We also tested the telemetry performance of our system while the system was
fully implanted. This was done using our system’s Loopback mode. Tables 3.5 and
3.6 show the results for several different circumstances. These circumstances use var-
ious combinations of implanted ICCM antennas, external WCM antennas, distances
between the antennas, and relative orientations between the antennas. For each cir-
cumstance, the table presents the number of packets that the WCM received back
from the ICCM as well as the number of packets that were dropped. A “dropped”
packet occurs when the WCM sends out the Loopback command but does not receive
any packet from the ICCM in response. We also list the number of received packets

that were responses to the Loopback command but contained errors and the number
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Figure 3.16: Spikes extracted from several channels during recording from an owl monkey. These spikes were

extracted
by our system from selected channels over a roughly one-minute period.
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Figure 3.17: This figure shows the same data as figure 3.16 after extractions that appear to just be noise (or
misaligned spikes) have been removed.
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Figure 3.18: Microwire electrode array. This array contains tungsten electrodes for
32 channels. It also has two reference electrodes. Arrays like this one were connected
to DHSMs and implanted during the acute sheep studies.

of packets that were received but were responses to incorrect commands (i.e., the
ICCM misinterpreted the command from the WCM as something other than a Loop-
back command). These results are not meant to be a comprehensive evaluation of
the telemetry performance of the implanted system. Rather, they give a general idea
of the level of performance under different circumstances. It should be noted that

we adjusted the antenna matching network after sheep #4. This improved tuning

resulted in better telemetry performance for sheep #5 and #6.
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Figure 3.19: The implantable portions of the neural data acquisition system packaged for implantation. The reference
temperature probe and the DC power-in cable were used for evaluation purposes and are not required for the system to
be functional. The system shown here was implanted in a sheep.
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Figure 3.20: (a) Streaming neural data recorded by our system while it was fully
implanted in a sheep. (b) A zoomed in portion of some of the data. The three
solid arrows point to spikes that presumably came from a neuron near this particular
channel’s electrode. The dashed arrow points to a spike that presumably came from
a neuron near the reference electrode. See section 4.8 for more on this.
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Figure 3.21: Spikes extracted from several channels while the system was fully implanted in a sheep. These spikes were
extracted by our system from selected channels over a roughly one-minute period. Extractions occurring on the positive
threshold have been removed for the first 4 channels. For the remaining channels, all spikes extracted by the system are
shown. These last 16 channels all shared a common reference electrode and the majority of extractions are presumably
due to a unit near the reference electrode. For the boxed channel, spikes were extracted due to activity near the reference
electrode and due to activity near the channel’s electrode.
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Table 3.5: Implanted telemetry results for sheep #3. The system was in Loopback mode, so the WCM sent packets with
known data and the ICCM was supposed to respond by echoing back the same data.

number of
sheep distance antenna total number number of number of packets
between orientation of packets Loopback packets packets that responding | notes
number . .
antennas (0° =parallel) received with errors were dropped  to wrong
command
3 30 cm vertical 0° 626 0 0 0 a
3 45 cm vertical 0° 676 7 0 0 a
3 60 cm vertical 0° 657 126 6 0 a
3 75 cm vertical 0° 677 456 32 17 a
3 90 cm vertical 0° 18 n/a n/a 18 a,b
3 30 cm horizontal 0° 625 0 0 0 a
3 45 cm horizontal 0° 572 0 0 0 a
3 60 cm horizontal 0° 686 45 1 1 a
3 60 cm horizontal 0° 678 73 5 0 8¢
3 75 cm horizontal 0° 726 69 8 4 a
3 90 cm horizontal 0° 313 213 308 100 a

half-wavelength dipole

implanted antenna was a dipole made of stranded stainless steel wire and was implanted 3.5 mm deep; the WCM used the commercial

in this case, telemetry was so bad that barely any packets were received and none of the ones received were in response to the proper

(i.e., Loopback) command; as a result, we were unable to determine how many packets were dropped, but it is safe to assume that it
was a very large number

we repeated the same setup as was used in the previous row
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Table 3.6: Implanted telemetry results for sheep #4 — #6. The system was in Loopback mode, so the WCM sent packets
with known data and the ICCM was supposed to respond by echoing back the same data. It should be noted that the
matching network was adjusted to improve tuning after sheep #4.

number of
sheep distance antenna total number number of number of packets
between orientation of packets Loopback packets packets that responding | notes
number . .
antennas (0° =parallel) received with errors were dropped  to wrong
command
4 1.8 m horizontal 0° 2489 2 2 0 a
4 1.8 m horizontal ~ 22.5° 2460 875 92 0 a
4 1.8 m horizontal 45° 297 283 1452 13 a
5 ~ 0.5 m vertical ~ 45° 111787 0 16 0 b
5 1.5 m vertical 0° 2162 0 3 0 b
5 1.5 m vertical 45° 2165 0 1 0 b
5 1.5 m vertical 90° 2794 4 3 0 b
6 1.2m 0° 15992 0 1 0 d
6 2.2 m° © 4540 44 4 0 d
6 2.2 m° e 4832 95 7 0 df
6 2.2 m# g 2664 145 8 0 d

& implanted antenna was a dipole made of stranded stainless steel wire; the WCM used the 5-element Yagi antenna

wavelength dipole
¢ see figure 3.22(a)

& gee figure 3.22(b)

this represents approximately 1.5 hours of data collection

we repeated the same setup as was used in the previous row

implanted antenna was a dipole made of stranded stainless steel wire; the WCM used the commercial half-wavelength dipole

implanted antenna was a monopole made from coaxial cable and was implanted 4 mm deep; the WCM used the commercial half-
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Figure 3.22: Antenna orientations for telemetry tests for sheep #6. Both antennas
were parallel to the ground in both cases. The vertical distance between the two

antennas was 1.2 m and the horizontal distance between the two antennas was 1.8
m. (a) Antenna orientation for the second and third rows for sheep #6 in table 3.6.

(b) Antenna orientation for the last row for sheep #6 in table 3.6.
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Chapter 4

System Discussion

4.1 Spike Detection

In section 3.2.3, we presented the spike detection results for various SNRs and thresh-
old multipliers. We compared spike detection as performed by our system with offline
spike detection performed on the waveform seen by the neural signal processor and
with offline spike detection performed on the original input waveform. These results,
in terms of the probability of detection and rate of false alarms metrics, were pre-
sented in figure 3.4. The similarity between the spike detection performance of our
system and the performance of offline spike detection on the waveform seen by the
neural signal processor confirms that our system is detecting spikes in the intended
manner.

A few further comments about the results are necessary. The probability of de-
tection versus multiplier value curve for the offline spike detection performed on the
original input waveform shifts to the right relative to the curves for the other two
circumstances as the SNR increases. This is due to the fact, as mentioned earlier,
that the act of passing the signal through the neural signal simulator and the DHSMs
adds some noise and performs some filtering on the signal. The end result is that the
SNR of the signal seen by the neural signal processor is lower than that of the signal
used as input to the neural signal simulator. This can be seen by comparing figures
3.3(a) and 3.3(b).

The performance of the system’s spike detection and that of the offline detection
performed on the waveform seen by the neural signal processor match fairly well.

They, however, are not identical even though the same waveform is used in both cir-
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cumstances. Again, as mentioned earlier, this is due to the fact that the thresholds
used in the two cases were not identical. The threshold used by the neural signal
processor was based on a randomly selected 4096-sample window for each waveform
while the threshold used during offline detection was based on the entire 2-second
waveform. This difference in how thresholds were computed also explains the in-
creased variability in spike detection performance across alpha values for our system

relative to the other two circumstances.

A final difference among the spike detection performance of the three cases is that
at low alpha values our system consistently resulted in a lower rate of false alarms
and oftentimes in a lower probability of detection when compared to the two offline
detection cases. This is due to the buffering within the neural signal processor. As
mentioned in section 2.2.1, when acquiring data in the streaming data with extracted
spikes mode (the mode used to evaluate our system’s spike detection performance),
two-kilobyte FIFOs are used to store extracted spikes until they are ready to be
transmitted. At very low alpha values, the spike detection threshold is very low and
many extractions take place during each 50-ms period. The two-kilobyte FIFO can
hold a maximum of 42 extracted spikes. Once the FIFO has 42 spikes in it, no more
spikes can be stored in it until spikes are transmitted out of the FIFO. Consequently,
it is possible that some detected spikes will never make it into the FIFO, never be
transmitted, and ultimately not show up as detected spikes when computing our
system’s spike detection performance. Since at very low thresholds most detections
do not represent true spikes, the end result is primarily a decrease in the rate of false
alarms. An example of the overflow of the FIFO can be seen in figure 4.1. In this
figure we see that 36 spikes were extracted in a particular 50-ms period. All of these
fit easily into the FIFO. At the end of this 50-ms period, the streaming data for that

period (the “previous” period in the figure) is sent from the ICCM before the spikes
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from that period are read out of the FIFO and transmitted. Since it takes roughly
15 ms to transmit the streaming data, the 36 spikes remain in the FIFO for the first
15 ms of the next period. In the figure we see that six more spikes are extracted
before there is a significant jump in the timestamp of extracted spikes. Once these
six spikes have been extracted, the FIFO holds a total of 42 spikes and is full. After
the spikes from the previous 50-ms period begin to be transmitted, the FIFO has
available space and newly extracted spikes are once again stored in it. In this figure,
we see that the one true spike was not extracted because it happened to occur during
the period of time in which the FIFO was full. The difference between our system’s
spike detection performance and that of an offline analysis of the waveform presents
no significant concern since it only occurs at very low alpha values. At these low
alpha values, thresholds are so low that almost all extractions are false detections,
so reasonable spike detection performance is not present regardless of whether some
extractions are missed. The difference in performance due to buffering vanishes at
thresholds that are near or above the noise floor. These are the thresholds that are

actually useful and practical for our system.

4.2 Data Reduction due to Spike Extraction

The amount of data reduction resulting from spike extraction ultimately depends on
the rate at which spikes are being detected. The total number of spikes that are
present in the recorded waveforms depends on two factors — the number of neurons
from which the electrodes are recording and the firing rates of these neurons. The
system described here has 96 channels. It is very unlikely that active units will be
present on all 96 channels. However, having 60% to 80% of the channels yield active
units is not unreasonable [17,52]. Having a single electrode record from multiple

neurons is also quite common. As a result, a value of 1 to 2 is realistic for the ratio
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Figure 4.1: Example of FIFO overflow during data collection in the streaming data
with extracted spikes data acquisition mode. In this case, the threshold was very low,
resulting in many extractions. Once 42 spikes were stored in the FIFO, an extensive
period of time (approximately 8 ms) went by before another spike was placed into
the FIFO. Spikes resumed being placed in the FIFO approximately 15 ms after the
start of the “current” 50-ms period. This corresponds to the time at which spikes
from the “previous” 50-ms period began to be read out of the FIFO and transmitted
by the ICCM. The one true spike occurring during the “current” 50-ms period was
?ot extracted because it occurred during the period of time in which the FIFO was
ull.
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of total units to electrodes [17,52]. Thus, a generous estimate of the total number
of neurons from which the electrodes of a 96-channel system might record is 200.
Typical neural firing rates fall in the range of roughly 1 to 10 spikes per second for
resting neurons and roughly 10 to 100 spikes for active neurons [53]. At any given
time, only a fraction of the neurons will be active. Assuming an average firing rate
of 20 spikes per second per neuron, the extracted spikes mode would need to output

192 kilobytes per second (kBps).

20 spik 48 byt
(200 neurons) < Pt 68/8) ( yres

: ) = 192 kBps
neuron spike

In order to output all samples for all channels at 8 bits each, an output data rate of

3000 kBps would be needed.

<31.25 kBps

o —— ) (96 channels) = 3000 kBps

Consequently, spike extraction can be expected to reduce the amount of data by
roughly a factor of 15. A spike extraction scheme similar to the one described here

has been used in live neural recordings and was found to reduce data by 97% [43].

Data reduction through spike extraction is only beneficial if spikes are detected
properly. If true spikes are not detected, valuable information will be lost. If detec-
tions are made where no true spikes are present, the efficiency of the data reduction
will decrease. As stated in section 2.2.1, our system performs spike detection by
applying a threshold to the absolute value of the data. This is a computationally
simple method of performing spike detection. While more complex spike detection
algorithms exist and may provide better performance, this thresholding method is
suitable for a system with limited computational resources [48]. (A detailed evalua-
tion of spike detection methods will not be presented here. See [48,54-61] as well as
chapter 6 for more on spike detection.)
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4.3 Spike Extraction Limitations

In an ideal neural data acquisition system, the performance of spike extraction would
be equivalent to that of spike detection. For each detection, a given number of samples
before and after the detection point would be stored as the extracted spike waveform.
As long as spikes were detected successfully, there would be no reason for them to not
be extracted properly. However, in systems with limited resources, such as the one
described here, spike detection is only one factor in determining how well extracted
spikes can be acquired by the system. In a fully implantable neural data acquisition
system, memory and data rate limitations must be considered as well. A spike that
has been extracted must be stored in memory until it can be transferred out of the
body via the telemetry link. In our system, the telemetry link has a finite data rate
that allows for a maximum of one hundred extracted spikes to be transmitted in a
given fifty-millisecond period. Consequently, if too many spikes are extracted within
a given period of time, the ICCM will be unable to store and transmit some of them.

These spikes must simply be dropped from the output datastream.

The results presented in section 3.2.4 indicate that the major factor in determin-
ing when spikes will be dropped is the total spike rate across all channels. For all
three distributions of enabled channels, the first FIFO overflows were observed when
the total spike rate was slightly more than 2000 spikes per second. A rate of 2000
spikes per second corresponds to a rate of 100 spikes per fifty-millisecond period.
Considering that the neural signal processor can output a maximum of 100 spikes
per fifty-millisecond period, it is not surprising that spikes are dropped once this rate
is exceeded. If more than 100 spikes are detected in a fifty-millisecond period, the
transmit buffer will be full and spikes will begin to accumulate in the individual data
reduction module FIFOs. If spike rates remain above the 100 spikes per fifty mil-

lisecond limit for an extended period of time, the FIFOs will eventually fill up and be
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unable to hold more spikes. In the two cases in which 16 channels were enabled and
the firing rate per channel was 125 spikes per second, no overflow of the FIFOs oc-
curred. These cases correspond to having exactly 100 spikes in each fifty-millisecond

period. As expected, no spikes are dropped as long as the spike limit is not surpassed.

The test setup used in section 3.2.4 allowed us to essentially look at FIFO overflow
as a function of firing rate. It must be noted, however, that realistic neural data is very
unlikely to have perfectly constant firing rates. The results that we have presented
represent “steady-state” behaviors. In other words, the results show how our system
behaves after the firing rates of the inputs have been constant for a significant period
of time (on the order of one second). In cases in which the overall firing rate is greater
than 100 spikes per fifty milliseconds, the steady-state behavior occurs only after the
FIFOs have had enough time to gradually fill up. In fact, the FIFOs can serve as
temporary buffers so that the system can accommodate brief periods of overall spike
rates in excess of the 100 spikes per fifty milliseconds limit without dropping any
spikes.

The results presented in section 3.2.4 indicate that the steady-state behaviors of
the two channel distributions with 16 enabled channels are very similar. However,
these two cases differ in how long they take to reach this steady state. In the case
in which the 16 channels were split between two different data reduction modules,
approximately twice as many packets were sent before an occurrence of FIFO overflow
as in the case in which the 16 channels all belonged to the same data reduction
module. This difference in “transient” behavior is a result of the fact that during the
pre-steady-state period, the individual FIFOs in the former case are in essence each

filling up at half the rate of the single FIFO in the latter case.

The steady-state behavior of the neural signal processor is mostly determined by

the total spike rate across all channels while the transient behavior is additionally
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influenced by the distribution of enabled channels. As a result, the circumstances
under which spikes will be dropped are largely determined by the overall distribution

of spikes in time with some influence by the distribution of spikes in space.

As mentioned in section 3.2.2, no noise was incorporated into any of the waveforms
used for these experiments. This was done intentionally so that only “true” spikes
would be detected and extracted. By eliminating false detections, we were able to
carefully control how many spikes were extracted over a given period of time. With
real neural data, however, it must be assumed that some false detections will occur.
Noise that is incorrectly extracted as a spike will take up space in the transmit buffer

and could contribute to overflows of the FIFOs.

4.4 Latency

Even when spikes are not dropped, high spike rates may increase the delay between
when the spikes are detected and when they are transmitted [62]. The ICCM trans-
mits extracted spikes once every fifty milliseconds. If the telemetry system had
infinite bandwidth, then the expected average latency would be 25 milliseconds and
we would expect the latencies to be uniformly distributed between 0 and 50 millisec-
onds. Spikes that occur near the beginning of a fifty-millisecond period would be
expected to have a latency close to 50 ms while spikes that occur near the end of
a fifty-millisecond period would be expected to have a latency close to 0 ms. How-
ever, since the implantable module can only transmit a finite amount of data during
each fifty-millisecond period, it is possible that spikes which are detected during one
fifty-millisecond period will not be able to be transmitted at the end of that fifty-
millisecond period, thus increasing the average latency. Also, the amount of time
required to transmit a complete packet increases as the size of the packet increases.

As a result, packets that contain large numbers of spikes will take a non-negligible

82



amount of time to be transmitted. Spikes in such packets will also have a higher
than ideal average latency. For a clinical BMI, total latencies should be less than 200

milliseconds [63].

Our results show that latencies do vary with total firing rate. However, even in
the worst case that we tested, the latencies remained safely below 200 ms. In the
first trial, very few spikes were present. The distribution of latencies as presented in
figure 3.6(a) is close to what would be expected in the ideal case described above.
The mean latency, 26.7 ms, and the distribution of latencies indicate that no more
than roughly 2 ms of latency are added by processing in the system. Almost all
latency present in this case is due to the fact that extracted spikes are transmitted

by the ICCM at the end of fifty-millisecond periods.

In the second trial, the overall firing rate was approximately 1000 spikes per
second, or 50 spikes per 50 ms. This is one half of the 100 spikes per fifty-millisecond
period limit. Figure 3.6(b) again shows a relatively uniform distribution of latencies
over a fifty-millisecond range. However, the mean and distribution are shifted up by
approximately 25 ms from the first case. This is a result of the fact that the WCM
waits until it has received an entire packet before it is ready to perform further
processing on any of the extracted spikes. The 25 ms shift is due directly to the fact
that a packet containing 50 spikes takes approximately 25 ms to be transmitted.

In the third trial, the overall firing rate was just under 2000 spikes per second,
or 100 spikes per 50 ms. Even though no spikes were dropped during this trial,
each packet was either full or nearly full. Once again, figure 3.6(c) shows a more
or less uniform distribution of latencies over a fifty-millisecond range. The mean
and distribution are shifted up by approximately 50 ms from the first case and by
approximately 25 ms from the second case. Again, this shift is due to the fact that

a packet containing 100 spikes takes approximately 50 ms to be transmitted.
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In the final trial, the overall firing rate was approximately 2125 spikes per second.
This rate exceeded the 100 spikes per fifty-millisecond limit and resulted in dropped
spikes. Spikes that were not dropped had latencies that were relatively uniformly
distributed between about 95 ms and 145 ms. The large increase in latencies as
compared to the previous case can be explained by the fact that in most cases during
this trial, spikes that were detected during one fifty-millisecond period would be
unable to be transmitted at the end of that period. Rather, they would be forced to

sit in the neural signal processor until the end of the next fifty-millisecond period.

Figure 3.6(d) has two significant features — the presence of dropped spikes and
the noticeable dip in the 100 ms to 105 ms range. These two features are most likely
related. Since the overall firing rate in this case is not tremendously greater than
the 100 spikes per 50 ms limit, the buffers would only be completely filled near the
end of a given fifty-millisecond period. Consequently, spikes would only be dropped
if they occurred near the end of a fifty-millisecond period. If these spikes had not
been dropped, they would be expected to have a latency of approximately 100 ms —
50 ms due to sitting in the neural signal processor for an extra period as a result of a
full transmit buffer followed by another 50 ms required for transmitting a full packet.
Thus, the dip in the histogram is a result of the fact that spikes that would have
fallen within a specific latency range were dropped instead of being transmitted.

We do not foresee problems with the latencies measured here. However, if nec-
essary, it is possible to decrease the latency. The total latency within our system is
essentially made up of the following two components: 1) the time from when a spike
is detected until it is transmitted and 2) the time from when a spike is received by the
external module until it is ready for further use within that module. The latency con-
tributed by the first component is basically the time between when a spike is detected

and when a given 50-ms period ends. Since the timing of spikes is independent of the
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times at which 50-ms periods start and end, we would expect this first component
to contribute on average 25 ms of latency. Reducing the interval between when the
WCM sends commands (and consequently between when the neural signal processor
responds to commands) would in turn reduce the first component of latency. For
example, if spikes were sent out of the ICCM every 20 ms instead of every 50 ms,
on average the time between when a spike would be detected and when it would be
transmitted would be roughly 10 ms. The trade-off for increasing the frequency at
which packets are sent out of the ICCM is that a larger percentage of the available
bandwidth will need to be used for transmitting packet overhead. This is a result of
the fact that each packet has a fixed amount of overhead and more packets will be
transmitted when commands are received at a higher frequency.

The latency contributed by the second component is a direct result of the way
the WCM processes data. Currently our WCM does not use any of the data that
it has received until it has received a complete packet. This is done so that error
checking (through the use of a parity byte) can be performed before any of the data
are processed further. Since a full packet can take up to almost 50 ms to transmit, the
possibility exists that data will sit in the WCM for a significant amount of time before
it is used. An alternative, which would essentially eliminate this component of the
latency, is to allow the WCM to use data as soon as it is received. The consequence
in this case is that simple error-checking schemes that depend on knowledge of the

contents of an entire packet will have extremely limited usefulness.

4.5 Flexibility

While we anticipate that our system will primarily be used in the extracted spikes
mode, we have implemented it in such a way that flexibility in how data reduc-

tion is performed is available. Many different research and clinical applications of a
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neural data acquisition system exist. These applications do not all have the same
requirements regarding the collected neural data. A fully implantable neural data
acquisition system that is flexible enough to perform different forms of data reduction
can be useful in these various applications while still limiting the amount of unnec-
essary information that is sent out and thus reducing the burden on the telemetry
system. Even within a single experiment, flexibility in how data is processed and
output is desirable. For example, while a given experiment might ultimately use the
extracted spikes mode of our system, the streaming data mode could be a valuable
tool for the investigator in making an initial assessment of the quality of the signals
on individual channels. Also, cases exist in which the costs incurred by spike sorting
are not necessarily justified by the potential information gained from this processing
step [64]. In such cases, the flexibility to simply output spike detections, rather than
extracted waveforms, is desirable.

The fact that the processing has been implemented in programmable logic also
provides flexibility. Our design can serve as a starting point for other systems with
signal processing and telemetry needs. The modular nature of the design lends itself
to modifications of individual portions of the system while leaving the overall system

architecture intact.

4.6 Telemetry

Development of the neural signal processor has been centered on the communication
needs of a fully implantable neural data acquisition system. The transceiver interface
clearly plays a crucial role in the telemetry link. Also, the data reduction scheme was
implemented in large part as a response to telemetry limitations. The use of a custom
packet structure and telemetry protocol has allowed us to implement the telemetry

engine along with the data reduction algorithms in a single chip. This has also allowed
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us to limit overhead so that as much neural data as possible can be efficiently output
by the implanted portion of the system. The command-and-response structure of
our telemetry protocol allows for flexibility in terms of what data can be obtained
from the implantable module. It also allows the external module to determine when
packets are being dropped and the communication pathway is not working properly.
The results of the Loopback test presented in section 3.4 confirm that our system is

capable of successful, reliable bidirectional communication.

It should be noted that our system employs a relatively simple telemetry proto-
col. While the protocol allows for a baseline level of error-checking and allows the
external module to determine when packets are being dropped, it does not provide
a means for the retransmission of dropped commands or data. Since commands are
sent every 50 ms, the WCM can simply repeat a given command (for example, “write
configuration registers” or “read configuration registers”) until it receives a response
from the ICCM. Additionally, the ICCM is set up to send out data at the end of each
50-ms period if the last command that it received was a request for data and it has
not received any commands within the last 50 ms. Given these facts, the dropping
of commands should not pose a significant problem. The more important question is
whether or not providing a means for the retransmission of dropped data is justifiable.
The cost of providing a means of retransmission would be quite high. Implement-
ing a more complex communication protocol would consume valuable computational
resources. More importantly, a significant increase in the amount of space allocated
for storing data would be required since data would need to continue to be stored
in the implantable module even after the original transmission. Otherwise, a future
retransmission of the data would not be possible. The discussion of latency presented
earlier suggests that data that are delayed significantly more than the delays that are

already present in the system will be “too old” to be useful in a real-time system.
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Providing the capability to retransmit dropped data would likely add significantly to
the latency of the data. Thus, we feel that for a system with limited resources that is
intended to be used in real-time, the benefits of providing a more complex telemetry
protocol do not justify the costs. Clearly, there are limitations to the telemetry sys-
tem presented here. In the context of the full neural data acquisition system, we feel
that these limitations are best addressed through optimization of antennas, antenna
configurations, and device placement rather than through increasing the complexity

of the telemetry protocol.

We presented some data regarding the telemetry performance of the fully im-
planted system in section 3.6.2. We found that telemetry can be performed relatively
successfully over a range of a couple meters. Some implantable systems have a teleme-
try range on the order of a few centimeters rather than on the order of a couple meters.
However, the performance of our system can be sensitive to the relative orientation
between antennas and to the surrounding environment. The operating room in which
the telemetry tests were performed is far from an ideal environment. Additionally, for
a system that is implanted in a living, moving animal or person, the effect of motion
between the implanted portion of the system and the external portion of the system
could prove to have a significant impact on telemetry performance. As stated earlier,
we did not set out to perform a comprehensive evaluation of telemetry performance
for the implanted system. Rather, we have shown that our implanted system can
successfully communicate with an external module over a reasonable range. Teleme-
try is one area in which the environment and circumstances in which the system will

be used should be considered in order to obtain the necessary performance.
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4.7 Spike Sorting

Our system has been designed to be a component of a BMI. Within a BMI application,
spike sorting is a commonly used signal processing step. The extracted spikes mode
of our system was developed with this in mind. This mode provides the information
necessary for spike sorting to be performed outside of the body where it can be
supervised and modified easily. At the same time, the data that are not necessary
for spike sorting, the baseline voltage trace between spikes, are discarded within the
neural signal processor resulting in significant data reduction. High channel-count
implantable devices that do not provide the extracted spike shape [53,65,66] preclude
standard spike sorting as a further processing step. It should be noted, however, that
some level of spike discrimination might still be possible in such systems. For example,
while the system presented in [65] does not output extracted spike waveforms, it does
provide spike timing and amplitude information, which may be used in discriminating
spikes that are recorded on the same electrode. Nevertheless, to the best of our
knowledge, the neural signal processor presented here is the first implantable, high
channel-count neural signal processor with the capability of outputting extracted
spike waveforms. We have shown that our system can interface well with commercial
spike sorting software. By sending extracted spikes out of the body, our system
allows us to perform spike sorting in a manner similar to that commonly used by
wired, percutaneous recording systems.

Section 2.3.2 stated that the real-time template-matching phase of the spike sort-
ing process is performed in the WCM. An alternative location for performing tem-
plate matching is the ICCM’s neural signal processor. Rather than sending extracted
spikes out of the body and performing template matching in the external processor,
we could extract the spikes and perform the template matching inside the body.

Then, for example, sorted bin counts could be sent out of the body. This would be
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advantageous because it would significantly decrease the burden on the telemetry
system. We have not implemented template matching in this manner simply because
the ICCM’s FPGA does not have enough resources to perform template matching in
addition to all of its current functions (see section 3.2.1 for more details on the use
of resources within the FPGA). Nevertheless, the potential for performing template
matching within the body exists if the ICCM used an FPGA with more resources
or if we removed some of the functionality of the current neural signal processor.
The implanted neural signal processor is perfectly well-suited to perform template
matching, and due to the modular nature of our processing implementation, the
template-matching module currently located in the WCM’s FPGA could more or
less be dropped into the ICCM’s FPGA as is.

4.8 Live Animal Recordings

As shown in section 3.6, our system successfully recorded and processed neural data
from live animals. A few details regarding these live recordings are worth further
attention. Extracellular action potentials typically have a triphasic shape consisting
of a positive phase followed by a negative phase followed by another positive phase.
The initial positive phase is oftentimes relatively small and may not rise above the
noise floor resulting in what appears to be a biphasic spike. The negative phase
typically has an amplitude at least as large as that of the final positive phase. (Ex-
amples of these general characteristics can be seen in the spikes in figures 3.11-3.17
and 3.20(b).) As a result, when voltage thresholds are used to detect spikes, they are
typically set to detect the negative phase of spikes. Systems that use dual thresholds
(such as ours) typically also end up detecting the negative phase, but crossings of
the positive threshold do occur as well. We have observed that detections due to

a crossing of the positive threshold often fall into one of two categories — (1) noise
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that crosses the positive threshold or (2) a triphasic spike whose initial positive phase
crossed the positive threshold. In both of these cases, it would often be better if the
positive threshold simply had not been used. In the first case, the noise may not
have crossed the negative threshold; thus, the use of a dual threshold can lead to
more false detections. (Compare figures 3.16 and 3.17 to see this.) In the second
case, since the negative phase of a spike typically has the largest amplitude, the spike
most likely would have still been detected even if the positive threshold had not been
used. Spikes that have an initial positive phase that has an amplitude comparable
to the threshold can lead to alignment issues when spike sorting is performed after
detection using a dual threshold. See the red spikes in figure 3.9 for an example of
alignment issues that can arise due to the use of a dual threshold. (Note that the
spikes in this figure were simulated and are not realistic in shape. Nevertheless, in the
figure, some of the red spikes crossed the threshold during an initial positive phase
while other red spikes did not cross the threshold until the negative phase.) Mis-
alignment can also be seen in some cases in figure 3.16. Our choice to perform spike
detection on the absolute value of the data was based on the results found in [48].
Our limited observations of live animal recordings, however, suggest that there may
be some advantages to simply using a single negative threshold rather than applying
the threshold to the absolute value of the data.

There is a third circumstance in which we have observed crossings of the positive
threshold. Our system performs differential recordings. Each set of 16 channels has a
local reference electrode. If an active neuron is located near the reference electrode,
inverted spikes will appear on each channel that uses that reference electrode. We
observed this in some of our recordings from sheep. Figure 3.20(b) presents an
example of a recording that appears to contain spikes both from a neuron near the

particular channel’s electrode and from a neuron near the reference electrode. The
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suspicion of the presence of a neuron near the reference electrode was supported in
this case by looking at a logfile recorded while the ICCM was in the extracted spikes
data acquisition mode. In this logfile we found that a significant proportion of the
extracted spikes on the set of 16 channels (see figure 3.21) had identical timestamps
on all 16 channels. It is extremely unlikely that this would have been observed based

on the activity of individual units located near each of the 16 individual electrodes.

4.9 Power Consumption

The power consumption of our neural signal processor is high compared to that of
devices such as those described in [53], [65], and [66]. This is in large part due to
the fact that our device was implemented in an FPGA while the other devices were
implemented in application-specific integrated circuits (ASICs). The exact power
savings gained by implementing a design in an ASIC rather than an FPGA depends
on the specifics of the design, the FPGA, and other factors. Nevertheless, for low-
power systems, a reduction in power consumption by a factor of 10 or more is not
an unreasonable result of switching from an FPGA implementation to an ASIC im-
plementation [67]. Thus, an ASIC implementation of our design would be expected
to consume 10 mW or less. Additionally, our implementation work has focused on
functionality and constraints of resources within the FPGA. As a result, the neural
signal processor has not been optimized to reduce power consumption. We expect
that optimization will provide further power savings.

One of the main benefits of performing data reduction in an implantable module
is the power savings obtained by having to transmit only a small fraction of the neural
data. As stated in section 4.2, transmitting all 8-bit samples from 96 channels would
require a data rate of 3000 kBps, or 24 Mbps. Using 12-bit samples instead of 8-bit

samples would push the data rate up to 36 Mbps. All else being equal, the power
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transmitted by a transceiver must increase linearly with the data rate in order to
transmit the data the same distance with the same bit error rate [68]. Consequently,
data reduction drastically decreases the system’s required transmit power. It should
be noted, however, that since power is consumed within a transceiver apart from that
which is ultimately transmitted, the overall power consumption of the transceiver

does not necessarily increase linearly with data rate [68].

One option for transmitting all of the data from a 96-channel system with no data
reduction would be to use an IEEE 802.11g-compliant transceiver. Such a device can
achieve a maximum data rate of 54 Mbps [69] and has a transmitted energy per
bit comparable to our system. These devices typically consume several hundred
milliwatts of power when transmitting data [69-72]. On the other hand, the 1 Mbps
transceiver used in our system consumes on the order of 35 mW [49]. It should also be
noted that a system with no data reduction would not necessarily eliminate the need
for all processing of data. Some sort of merging of the many channels of data and
much of the telemetry processing present in our system would likely still be necessary.
One other alternative for transmitting large amounts of data is to use an infrared link.
Using an infrared emitter/detector pair, up to 40 Mbps can be transmitted with less
than 100 mW of power consumption [37]. Two drawbacks of transcutaneous infrared
telemetry are the high sensitivity to alignment between the emitter and detector and

the very limited range over which signals can be successfully transmitted [37].
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Chapter 5

Integration into a Brain-Machine
Interface Application

5.1 Overview

The work presented here focuses on the processing and communication needs of a
fully implantable neural data acquisition system. While such a system could be used
in several different ways, the motivating application for our work is a BMI. We have
developed a BMI setup to show how our system can be used as part of a BMI. The
basic steps that a BMI must perform are the following: record neural signals, extract
useful information from those signals, map that information in real time to control
signals for a machine, and deliver the control signals to the machine. Our neural data
acquisition system focuses on the first two steps. The BMI setup must accomplish
the final two steps. In addition, as part of the BMI setup we must simulate the
neural signals that are to be recorded by the neural data acquisition system. The
complete setup consists of a LabView application for creating the neural signals, the
neural signal simulator described earlier (section 3.1) for delivering the signals to the
neural data acquisition system, the fully implantable neural data acquisition system,
and a Matlab application that decodes the recorded neural information and controls
a cursor in real time. The flow of information through this setup is shown in figure

5.1 and described below.
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Figure 5.1: Flow of information in the BMI setup.

95



5.2 Generating the Neural Waveforms

5.2.1 Spike Times

The underlying assumption behind the operation of a BMI is that information about
some parameter of interest is encoded in the neural signals. In BMI research, the
parameters of interest have often been related to motion — parameters such as po-
sition, direction, or velocity. For our BMI setup we have chosen to generate neural
waveforms that contain information about an angle. The decoded angle is ultimately
used to control the direction of motion of a cursor. For simplicity, we assume a con-
stant speed. Thus, a trajectory is completely defined by the evolution of the angle
versus time function. Information about the angle is encoded in firing rates. Fach
unit’s firing rate is a cosine-tuned function of the difference between the current an-
gle and the unit’s preferred direction. Spike times for each unit are generated based
on the unit’s instantaneous firing rate as a function of time. We have two types of
trajectories that can be generated. A different method of determining spike times is

used for each one.

Predetermined Trajectory

One approach to generating the neural waveforms is to generate a complete trajectory
beforehand. Once the trajectory has been defined, the angle as a function of time
is known. We can then easily compute interspike intervals for a Poisson process (a
commonly used approximation for neural firing) using our knowledge of each unit’s
instantaneous firing rate [44]. The end result is that we have all of the spike times

for all of the units.
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Real-time Control of Trajectory

An alternative to having a predetermined trajectory is to generate the trajectory in
real time. It is desirable to look at this case because it is more behaviorally relevant.
The contrast between a predetermined trajectory and real-time control of a trajectory
can be thought of as similar to the difference between a robot that is preprogrammed
to execute a fixed set of actions and a person using a mouse to follow a moving target
on a screen. We have implemented real-time control of the trajectory through the
use of a knob control on the front panel of the LabView application. The current
angle of motion at any instant in time is determined by the position of the knob at
that instant. Since the spike times encode information about the trajectory, we must
generate the spike times in real time as well. We do this by making a binary decision
regarding the presence of a spike every three milliseconds (based on the approximately
1 ms duration of a spike and a 2 ms refractory period). The probability of a spike
occurring for a unit during a given three millisecond period is based on the unit’s

instantaneous firing rate at that point in time.

5.2.2 Analog Waveforms

Ultimately, we want to generate analog waveforms that we can feed into our neu-
ral data acquisition system. A neural waveform can be thought of as consisting of
stereotypical spike shapes superimposed on background noise. Spikes from a single
unit will be similar in size and shape while spikes from different units may differ
significantly in size and shape. For the case of a predetermined trajectory, the Lab-
View application allows the user to select the standard deviation of the Gaussian
background noise. Spikes are then superimposed at the predetermined spike times.
The option of placing spikes from up to four units on a single waveform is available.

When multiple units are used to create a single waveform, spikes of different shapes
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are used for each unit. The spike times for each unit are determined independently,
so overlapping spikes may be present in the final analog waveform. For the case in
which the trajectory is determined in real-time, we simplify the process of generating
analog waveforms since everything must be done in real time. No background noise
is added and each waveform is limited to having spikes from a single unit.

Once the full waveform is generated by the LabView application, the National
Instruments analog output card and the attenuator board are used to feed the neural

waveform into the neural data acquisition system.

5.3 Role of the Neural Data Acquisition System

The neural data acquisition system has already been described in detail. Within the
BMI setup, its role is to take the neural waveforms as input and to output either
sorted or unsorted 50-ms bin counts. This is the information that is then decoded
and used to control the cursor. These bin counts are sent from the WCM'’s user

interface to the Matlab decoder application over a TCP connection.

5.4 Decoding and Cursor Control

A Matlab application maps the 50-ms bin counts that it receives to an angle. The
estimate of the current angle is simply computed as a weighted average of the es-
timated preferred directions of each of the units. The weights for any given 50-ms
period are proportional to the bin counts during that period. Clearly, estimations of
each unit’s preferred direction must be made before estimations of the current angle
can be made. Preferred directions are estimated during a training period in which
the Matlab application is receiving two types of information — the 50-ms bin counts
from the WCM’s user interface and the current angle from the waveform-generating

LabView application. Once all of the data for the training period have been col-
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lected, a vector representing the preferred direction for each unit is computed. This
is done with a pseudoinverse matrix (using Matlab’s pinv function). The x- and

y-components of the preferred directions are computed as

Tpg = pinv(bincounts) * cos(angles)

Ypa = pinv(bincounts) * sin(angles)

where each column of the bincounts matrix holds the bin counts observed for a
given unit throughout the training period and angles is a column vector holding the
current angle for each of the 50-ms periods during the training period. z,q and y,q
are vectors holding the x- and y-components of the preferred directions of each of the
units. These preferred direction vectors are then used during the real-time decoding

phase to estimate the current angle. This estimate is made using

Test = ngrm*bincounts

Yest = yggrm*bmcounts

where the vector (Zes, Yest) represents the estimated direction for the current 50-ms
period, (239" (i), ypg™™ (7)) is a unit vector representing the preferred direction of unit
1, and bincounts is a row vector holding the bin counts observed for each of the units
during the current period.

As the angle is estimated for each 50-ms period, the position of a cursor in the
Matlab application is updated accordingly. This allows a user to watch as predeter-
mined trajectories are being reconstructed. In the case of real-time control of the
trajectory, the knob control indirectly (by means of affecting the generated neural
waveforms and consequently the angle estimations) controls the cursor on the Matlab
application. As a result, a user can use the knob control to guide the cursor to a
fixed target or to attempt to follow a moving target. Figure 5.2 shows a predeter-
mined trajectory and its reconstruction based on a total of 36 units across 15 different
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channels. Figure 5.3 shows the real-time estimation of a trajectory controlled by the
joystick. Fifteen channels, each with a single unit, were used in this case. Note
that fairly good control of the estimated trajectory was achieved using the joystick
as indicated by our ability to write “duke.” Once again, it must be stated that the
position of the joystick does not directly control the estimated trajectory. Rather the
position of the joystick contains information that is encoded into the firing rates of
the analog waveforms generated by the neural simulator and used as input for our
neural data acquisition system. The estimated trajectory visible in the figure is the

result of decoding 50-ms bin counts output by our system.

5.5 BMI Setup as a Demonstration Platform

This BMI setup uses neither the most realistic means for simulating neural signals
nor the most sophisticated decoding algorithms. It must be remembered that the
focus of this work is the neural data acquisition system. The purpose of this BMI
setup is to demonstrate that the neural data acquisition system can work well within
the context of a BMI application. The BMI setup should be viewed as a platform for
demonstrating our system’s suitability for integration into a BMI application rather

than an in-depth piece of work in and of itself.
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Chapter 6

Automatic Thresholding for Spike
Detection

This chapter takes an in-depth look at how to best set thresholds in fully implantable
neural data acquisition systems. We undertook a simulation study to compare and
evaluate various methods of automatically computing a threshold as a multiple of a
measure of the noise level. Our system, as well as others, uses this type of approach
(see section 2.2.1). This study confirms that the mean deviation operator is an
appropriate noise measure for use within our implantable neural signal processor.
The results also provide guidance regarding the selection of appropriate multipliers

for this means of spike detection.

6.1 Background

High channel-count fully implantable neural data acquisition systems must perform
data reduction before transmitting recorded neural data over a wireless link [47,53,
65,66]. However, these systems have significant size and power constraints and are
limited in the amount and complexity of processing that they can perform [73]. In
addition, timing constraints must be imposed on systems that are used in a real-
time application such as a BMI. Consequently, the use of amplitude thresholding for
spike detection is especially attractive for these systems due to its relative simplicity.
Voltage thresholding has been the method of choice for spike detection in recently

developed implantable neural signal processors [47,53,65,66].

We have developed a 96-channel neural signal processor for use as part of a clinical

BMI [47]. The device automatically sets thresholds for each channel. The threshold
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for a given channel is set to a multiple of an estimate of the noise level on that
channel. We would like to know how to best select thresholds within our implantable
neural signal processor. While several groups have used a multiple of some measure
of the noise level as a threshold, a few different noise measures have been used. The
most commonly used measure of noise is the root-mean-square (rms) of the data over
a given window, essentially the standard deviation of the data [55,65,74-79]. Other
noise measures that have been used are the mean deviation [47,80] and the value of
the data located at a given percentile within a ranked set of data [81-83]. It must
be noted that all of the noise measures mentioned above do not measure only the
noise. In reality, they are calculated from the entire neural signal. The samples that
fall within a given window may simply be noise but they may also be spikes. So, the
distribution of the samples is dependent not only on the distribution of neural noise

but also on the size, shape, and number of spikes that fall within the window.

In order to effectively perform automatic threshold selection using a multiple of
a noise measure, we would like to select a single value of the multiplier and trust
that it will work reasonably well for all channels — even across channels that have
different firing rates and SNRs. So, we would like to know whether or not there is a
relatively consistent optimal multiplier for a given noise measure. A multiplier that
is near optimal across waveforms with varying characteristics would be suitable for
all channels in a high channel-count system such as ours.

This study investigates the problem of automatically selecting a threshold for spike
detection for use in an implantable neural signal processor. Thresholds computed
as multiples of four different noise measures are compared as SNR, firing rate, and
window size are varied. In addition, this study investigates the selection of an optimal
multiplier for each of these noise measures in neural waveforms that contain spikes

from either one or two neurons. While the results presented here are specific to a
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particular method of spike detection, the concepts and optimization framework used

to perform the analysis are applicable more generally.

6.2 Methods
6.2.1 Simulated Waveforms

We compared the performance of thresholds computed as multiples of various noise
measures on simulated realistic neural signal waveforms. In order to simulate wave-
forms, we first constructed two libraries, one containing noise waveforms and the
other containing spike templates. The noise library contained 17 5-second segments
each from different channels of cortical microelectrode recordings from a rat. Each of
these segments had no visible spikes and was thus classified as noise. The recordings
were made with our system. Each data point was an 8-bit sample and the waveforms
were zero-mean. The spike template library consisted of 10 spike templates from rat
and monkey data recorded by our system. Each template was the average of similarly
shaped spikes extracted from a single channel.

For each simulated waveform, a 2-second span from one of the segments contained
in the noise library was randomly selected. A template was also randomly selected to
be used as the spike waveform to be inserted at locations within the 2-second noise
waveform. This method of simulating neural signals has been used widely throughout
the spike detection literature [54,57,60, 84, 85].

Each simulated waveform was described by two parameters — SNR and firing rate.

The SNR was used to scale the template. We define SNR as

SNR — peak amplitude of scaled template

standard deviation of 2-second noise waveform

(See section 6.4.7 for more on the definition of the SNR.) Spike times were selected to
determine where in the noise waveform to place the spike waveforms. For a given firing

105



rate, the appropriate number of spikes was placed into the waveform (for example,
for a firing rate of 20 Hz there would be 40 spikes in a 2-second waveform). Spike
times were randomly selected within the 2-second period; a refractory period of 1.6
ms was enforced. For each selected spike time, the spike waveform was added to the
noise waveform (resulting in a noisy version of the “clean” spike) with the portion
of the spike waveform with the highest amplitude placed at the selected spike time.
Thus, the simulation resulted in realistic neural waveforms with known SNRs and
spike times.

Rather than simulating an entirely new waveform (with a new noise waveform, a
new spike template, and completely new spike times) for each combination of SNR
and firing rate, sets of waveforms were simulated in a manner that limited all variation
due to factors other than changing SNRs or firing rates. Each set of waveforms was

generated in the following manner:

1. Randomly select a 2-second noise waveform.
2. Randomly select a spike template.

3. For the lowest firing rate of interest that has not yet been simulated, generate
spike times. If spike times have already been generated for lower firing rates,
start with those and generate more until the number of spikes corresponding

to the current firing rate has been generated.

4. For each SNR of interest, use the noise waveform, spike template, and spike

times to generate a full waveform.

5. If simulations have not yet been run for the highest firing rate of interest, go

back to step 3.

Figure 6.1 provides an example of a set of waveforms generated using this procedure.
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SNR = 8; Firing Rate =2 Hz

0 0.5 1 15 2

SNR = 8; Firing Rate =5 Hz

0 0.5 1 1.5 2
time (sec)

SNR = 12; Firing Rate = 2 Hz

0.5 1 15 2

SNR = 12; Firing Rate = 5 Hz

0.5 1 15 2

Figure 6.1: Example of a set of simulated waveforms. This set represents two SNRs
(8 and 12) and two firing rates (2 Hz and 5 Hz). Within a given set, waveforms that
only differ in SNR (and thus have a common firing rate) have identical spike times.
The spike times for waveforms with higher firing rates include all of the spike times

from the waveforms with lower firing rates.
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The procedure described above generates neural waveforms that can be thought of
as containing spikes from a single neuron. Commonly, signals from multiple neurons
(or “units”) are observed on a single extracellularly recorded waveform. In order to
simulate this circumstance, we generated two-unit waveforms. This was done by first
simulating a single-unit waveform as described above. Then a second unit, with its
own SNR and firing rate, was added to the waveform. The spike times for the second
unit were selected independently of the spike times for the first unit. This created the
potential for overlapping spikes from different units, a phenomenon often observed
in real neural recordings. A template was scaled according to the SNR of the second
unit and spikes were added into the waveform at the selected times regardless of if

they overlapped with spikes from the first unit.

6.2.2 Noise Measures

For each simulated waveform, a sliding window was passed across the waveform and
at each point a noise measurement was made using four different operators — MD,
RMS, P84, and PA68. MD took the mean deviation of the points in the window.
Since the data were zero-mean, we simply took the mean of the absolute value of
the points in the window. RMS took the root-mean-square of all of the values in
the window. P84 found the 84th percentile of the data in the window. PA68 found
the 68th percentile of the absolute value of the data in the window. (For zero-mean,

normally distributed data, RMS, P84, and PA68 should approximate the standard
deviation of the data. MD should give a\/g where o is the standard deviation of the
data [86].)

These noise metrics are all based on measures that have been used throughout

the neural spike detection literature for setting thresholds (see section 6.1). For
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zero-mean data, the operators are defined as follows:
XN
MDX) = = Ju
i=1

RMS(X) =

1 N
2
O

=1
P8AX) = Z|o + (Bfa] — o)) (@ — a]); a=0.540.84N

PAG3(X) = i + (B —dp)(b— [b]); b=0.54+0.68N

where N is the window size; the vector X = {z1,...,2y} contains the waveform
samples that fall within the window; {Z1,...,Zy} contains the values in X sorted in
ascending order; {Zy,..., &N} contains, in ascending order, the absolute values of the
elements in X; | - | is the absolute value function; [-] is the floor function; and [-] is
the ceiling function.

The size of the sliding window over which noise measures were computed was a

parameter that was varied.

6.2.3 Detection of Spikes

In order to perform spike detection, thresholds were applied to the absolute value
of the data. This method of spike detection has been shown to be appropriate for
computationally limited systems [48]. A refractory period of 1.28 ms (40 samples)
was imposed so that a single spike would not cause multiple detections. Detections
that occurred within 0.48 ms (15 samples) of the true spike time were considered to be
accurate detections. Detections falling outside of this time window were considered
to be false positives.

Thresholds were computed as multiples of the noise measures. A nonadaptive
threshold was computed for each position of the sliding window and applied to the
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entire waveform.

Probability of Detection and Rate of False Alarms

For each combination of noise measure and multiplier, we computed the thresholds,
performed spike detection, and generated a pair of values to characterize the spike
detection performance — the probability of detection (Pp) and the rate of false alarms
(Rra). Pp and Rpy are defined as in section 3.2.3. The values of Pp and Rpa
are computed as averages across the performance using thresholds computed at each
position of the sliding window. By using many different multipliers (and consequently
many different thresholds), we were able to generate full ROC curves. In this study,

we used 31 multipliers ranging from 0 to 15 in steps of 0.5.

Optimality Index

In order to determine the optimal multiplier for each noise measure, we devised
an optimality index (OI). The optimality index is a function of the probability of
detection and the rate of false alarms, so each point on the ROC curve has a corre-
sponding optimality index. As mentioned earlier, one application in which amplitude
thresholding is a suitable means of spike detection is a fully implantable neural data
acquisition system. One concern in such systems is the limited bandwidth available
for transmitting data recorded inside the body to an external device. In these sys-
tems, false alarms can have a true cost by increasing latencies and preventing true
spikes from being transmitted [47,62]. We formulated the optimality index using
parameters suitable for this type of application.

Our formula for computing the optimality index is based on the cost function
used in [48]. We define the optimality index as

(r~PD+RFA)~n~b

O =Py —w-
p—w BW
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where Pp is the probability of detection, w is a unitless weight, r is the expected
firing rate per channel, Rr, is the rate of false alarms per channel, n is the number
of channels, b is the number of bytes that will be transmitted for each detected spike,
and BW is the available bandwidth, or data rate, of the data acquisition system. The
second term of the formula represents the fraction of the available bandwidth that is
needed to transmit information about detections (whether true spikes or false alarms)
multiplied by the cost, w, of using all of the available bandwidth. Throughout this
study, we used 96 channels for n, 48 bytes per spike for b, and 96000 bytes per second
for BW. These values were taken from a 96-channel system that sends a channel
number, timestamp, and extracted spike waveform for each spike detected and has
a limited wireless data rate [47]. We also used a value of 50 spikes per channel per

second for r and a value of 0.1 for w.

In this study, we computed the optimality index separately for each SNR. This

allowed us to find an optimal multiplier for each noise measure for each SNR.

Optimality Score

We used the optimality score to find the optimal multiplier when all SNRs were taken
into consideration together. For a given multiplier, the optimality score is a weighted
average of the optimality indices at that multiplier and each of the SNRs. Table 6.1
presents the weights that we used. These weights correspond to the frequency with
which waveforms of a given SNR were found in a sample real neural recording. The
weights are based on the distribution of SNRs presented in figure 13 of [26]. This
figure contains histograms that show the distribution of SNRs observed on electrodes
implanted in the motor cortex for each of three monkeys. See section 6.4.7 for more

details on how the weights were determined.
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Table 6.1: Weights used for each SNR in computing the optimality score. SNRs
that do not appear in this table were given a weight of zero.

SNR  Weight

0.05
0.15
0.31
0.22
0.13
0.07
0.04
0.02
0.01

© 00 1 O O i W N

—_
(e

6.2.4 Neural Signal Processor

In addition to looking at spike detection performance in simulation, we used one of
the sets of waveforms from the single-unit case as input to our neural signal processor.
The waveforms were output through a National Instruments 6723 analog output card
and then attenuated by a factor of 10000 using a resistor network in order to bring
the voltages into the range of recorded extracellular potentials. These waveforms
were then used as input to our system.

The neural signal processor performed spike detection after automatically com-
puting thresholds using operator-defined multipliers from 0.5 to 15 in steps of 0.5.
Thresholds were computed using the mean deviation noise measure and a window size
of 4096 samples. For each combination of SNR and multiplier, only one position of
the sliding window was used to compute a threshold. The spike detection results were

then used to compute the same performance parameters used for the simulations.
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6.3 Results
6.3.1 Single-Unit Waveforms

We simulated ten sets of waveforms. Fach set had spikes from a single unit with
SNRs ranging from 1 to 15 in steps of 1 and firing rates ranging from 5 Hz to 50 Hz
in steps of 5 Hz. Each set of waveforms was generated as described in section 6.2.1.
On each waveform, we computed all four noise measures using window sizes of 512,
1024, 2048, 4096, and 8192 samples and performed spike detection as described in

section 6.2.3.

For the ten waveforms with a given SNR (from 1 to 15) and firing rate 20 Hz,
the probability of detection and rate of false alarms values were used to construct
optimality index curves for each of the four noise measures. These are plotted in
figure 6.2 as a function of the multiplier value. The plots are based on spike de-
tection performance using a window size of 4096 samples. The optimality indices
were computed using overall probabilities of detection and rates of false alarms mea-
sured across ten waveforms with identical firing rates and SNRs. Curves are plotted
for SNRs from 1 through 15. Figure 6.3(a) shows the maximum optimality index
achieved for each noise measure at each SNR and figure 6.3(b) shows the optimality
score for each multiplier for each noise measure. The multiplier that received the
highest optimality score for each noise measure is listed in table 6.2. Optimality
scores were also calculated for the other combinations of firing rate and window size.
Table 6.3 shows the maximum optimality score obtained for each noise measure for
selected parameter combinations. Overall, for a given set of parameters, compara-
ble maximum optimality scores were achieved by all of the noise measures for the

single-unit waveforms.
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Figure 6.2: Optimality index versus multiplier value for each of the noise measures.
The firing rate was 20 Hz and the window size was 4096 samples.
each curve corresponds to a different SNR. The lower SNRs are on the bottom of the
envelope; the higher SNRs are on the top of the envelope. The leftmost arrow in each
plot points to the curve corresponding to an SNR of 1. The rightmost arrow in each
plot points to the curve corresponding to an SNR of 15. The insets are zoomed-in

views of areas of interest.

Table 6.2: Comparison of optimal multipliers across the different noise measures.
The second column gives the multiplier with the highest optimality score. The third
column gives the range in which the highest optimality index is typically obtained

when looking at different SNRs individually.

operator: RMS

Multiplier Value
operator: PA68

Multiplier Value

Noise Measure Overall Optimal

Range of Typical

Operator Multiplier Optimal Multipliers
MD 4.5 4.5...6.0
RMS 3.5 3.5...4.5
P84 3.5 3.5...5.0
PAG68 3.5 3.5...5.0
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Figure 6.3: (a) The maximum optimality index value achieved at each SNR. A curve
is plotted for each of the four different noise measures. All four curves lie almost
directly on top of each other. (b) The optimality score as a function of multiplier
value for each of the four noise measures. The optimality score is a weighted average
of the optimality index across all SNRs. The RMS, P84, and PA68 curves all lie
almost directly on top of each other. The plots in this figure are based on the data
presented in figure 6.2.
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Table 6.3: Maximum optimality score obtained for each operator for several com-
binations of firing rate and window size. In each of these cases, the multiplier that
achieved the maximum was 4.5 for the MD operator and was 3.5 for each of the other
three operators.

Firing ~ Window Size | MD RMS P84  PAGS
Rate (Hz)  (samples)
D 012 0.5309 0.5275 0.5135 0.5218
5 4096 0.5381 0.5399 0.5370 0.5368
5 8192 0.5380 0.5402 0.5392 0.5375
20 012 0.5424 0.5394 0.5245 0.5329
20 4096 0.5528 0.5574 0.5487 0.5486
20 8192 0.5534 0.5581 0.5508 0.5500
50 512 0.5455 0.5418 0.5365 0.5442
50 4096 0.5573 0.5611 0.5586 0.5585
50 8192 0.5576 0.5619 0.5594 0.5591

6.3.2 Two-Unit Waveforms

We simulated two-unit waveforms in which the first unit had an SNR of 8 and each
unit had a firing rate of 20 Hz. For each set of waveforms, the SNR of the second
unit was varied from 1 to 8 in steps of 1. Ten of these sets were simulated. Similar to
section 6.3.1, spike detection was performed and optimality indices and scores were
computed. These results are shown in figure 6.4. Since the SNR of the first unit
was held constant at a value of 8, all variations in SNR referred to in the plots and

calculations correspond to the SNR of the second unit.

Similarly, we also simulated two-unit waveforms in which the first unit had an

SNR of 12. The results for this case are shown in figure 6.5.

6.3.3 Neural Signal Processor

The spike detection results for our neural signal processor are shown in figure 6.6.
Two points must be noted regarding these results. First, only one threshold (based on
a randomly selected position of the sliding window) was used for each combination
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Figure 6.4: Optimality index and optimality score for a two-unit waveform in which
the first unit has an SNR of 8, each unit has a firing rate of 20 Hz, and the window
size is 4096 samples. (a) Optimality index versus multiplier value for each of the noise
measures. In each plot, each curve corresponds to a different SNR (1 through 8) for
the second unit. The leftmost arrow in each plot points to the curve corresponding
to an SNR of 1. The rightmost arrow in each plot points to the curve corresponding
to an SNR of 8. (b) The maximum optimality index value achieved at each SNR of
the second unit. (c¢) The optimality score as a function of multiplier value for each
of the four noise measures. The SNR for the second unit was used when computing
the optimality score.
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Figure 6.5: Optimality index and optimality score for a two-unit waveform in which
the first unit has an SNR of 12, each unit has a firing rate of 20 Hz, and the window
size is 4096 samples. (a) Optimality index versus multiplier value for each of the noise
measures. In each plot, each curve corresponds to a different SNR (1 through 12) for
the second unit. The leftmost arrow in each plot points to the curve corresponding
to an SNR of 1. The rightmost arrow in each plot points to the curve corresponding
to an SNR of 12. (b) The maximum optimality index value achieved at each SNR, of
the second unit. (c¢) The optimality score as a function of multiplier value for each
of the four noise measures. The SNR for the second unit was used when computing
the optimality score.
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of SNR and multiplier. In contrast, the simulation results represent the average
of performance across thresholds computed at each position of the sliding window.
Second, the SNRs used in the calculations for figure 6.6 do not take into account
degradation of the signal that occurs in the process of feeding it into the neural
signal processor. Consequently, the SNRs used in the calculations are likely to be

slight overestimates.

6.4 Discussion

6.4.1 Modified Criteria for Evaluating Spike Detectors

Spike detectors are generally evaluated and compared based on performance either
with a fixed set of parameters (for example, using a particular threshold) or across
a range of parameters (resulting, for example, in an ROC curve). For certain types
of systems, the performance of a detector (generally expressed in terms of metrics
such as probability of detection and rate of false alarms) should not be looked at
in isolation — other factors must be taken into account as well. Specifically, for
high channel-count systems with limited resources, such as implantable BMIs, it
should be possible to set the parameters to satisfactory values relatively easily. These
parameters ideally should be automatically selectable. The usefulness of a detector
that can perform very well when its parameters are set optimally but will perform
poorly otherwise is limited by how reliably the correct parameters can be selected.
Another factor that must be taken into account is the complexity of implementing
the spike detector [48]. Developers of implantable neural signal processors have been
willing to accept suboptimal spike detection performance compared to other types
of spike detectors in return for the simplicity of implementing a voltage amplitude
thresholding spike detection scheme. These systems already have high channel counts

and will only continue to grow in the future. As a result, the problem of automatically
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value.
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selecting thresholds is an important one. Spike detectors for these systems should
be evaluated not only on their achievable levels of performance, but also on their
complexity and ability to perform well using parameters that are selected without

supervision.

6.4.2 Threshold Stability

Neural data is often thought of as consisting of large amplitude spikes superimposed
on a noise cloud primarily representing background neural activity. Calculations that
use a portion of the recorded data to estimate the noise level will be affected by spikes
that happen to fall within the window over which the calculation is made. The level
to which the calculation is affected depends on the firing rate and SNR of the spikes
as well as the type of calculation.

A relatively straightforward way to automatically compute a threshold is to use a
multiple of a noise measure as the threshold. In this case, having a relatively stable
noise measure is desirable. Thresholds calculated based on the noise measure made
during an initial monitoring period ideally should not be significantly influenced by
the location in time at which the monitoring period occurs (since that is essentially

random).

6.4.3 Optimal Multipliers for Single-Unit Waveforms

Having to select a multiplier for each channel individually essentially defeats the
purpose of trying to automatically set thresholds. If an individual is required to look
at each channel in order to choose the multiplier, he might as well directly set the
threshold for each channel. It is valuable to know the range over which multipliers
are near optimal for waveforms with different firing rates and SNRs. This way a

multiplier that can perform well across many channels can be selected. There can
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still be some design flexibility in picking the multiplier. A value toward the high
end of the range would limit false detections and a value toward the low end would
increase the probability of detection. At the same time, it is desirable to have a wide
range of multipliers that are near optimal so that performance will not suffer greatly
as long as a multiplier near the optimal multiplier is used. We used the optimality
index described in section 6.2.3 and computed in section 6.3.1 to compare the optimal
multipliers for the different noise measures.

From figure 6.2 it is clear that for a given noise measure, the optimality index can
reach its peak at slightly different multiplier values for different SNRs. As a result, a
single optimal multiplier cannot be identified. Nevertheless, across SNRs the optimal
multiplier does generally fall within a small range. These ranges are different for the
different noise measures (table 6.2). In order to pick a single multiplier to be used
across channels with a variety of SNRs, an optimality score that is computed using
weights corresponding to the frequency with which a given SNR occurs is appropriate.

While the optimality index curves shown in figure 6.2 look relatively similar for
the different noise measures, one noticeable difference is the range over which the
individual curves remain near their peaks. Curves remain near their peaks over
the widest range for the MD operator. The range is slightly narrower for the P84
and PAG8 operators. Finally, for the RMS operator, the range is even narrower.
A review of the literature shows that many different multipliers have been used

[47,55,65,74,76-79,81-83]. In some cases these may not have been optimal.

6.4.4 Effect of Multiple Units

While the spike detection performance of all four operators was quite similar for
waveforms containing spikes from only one unit, a couple of interesting observations

can be made regarding the performance for waveforms containing spikes from two
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units. First, when large amplitude spikes from one unit are present along with lower
amplitude spikes from a second unit, the maximum optimality indices achieved by the
RMS operator at the SNRs that are most common (SNRs of 3 through 6 according
to table 6.1) are lower than those achieved by the other operators. (Compare figures
6.4(b) and 6.5(b) with figure 6.3(a).) Second, the optimality score curve for the RMS
operator peaks farther to the left (at a lower multiplier value) in the two-unit case
than it does in the single-unit case. This can be seen by comparing figures 6.3(b)
and 6.5(c). For the other operators, the multiplier for which the optimality score is
highest remained unchanged across all of the different parameter combinations and
circumstances investigated. This suggests that a single multiplier may prove to be
optimal more generally for the MD, P84, and PA68 operators than for the RMS

operator.

6.4.5 Comparison of Noise Measures

The complexity of neural noise should not be underestimated. It has been observed
to be colored and non-stationary [57,87]. The complexity of the neural waveforms
over which noise calculations are performed is further complicated by the presence of
spikes in addition to the noise. These spikes distort the distribution of the samples
in the waveform since they contain a disproportionate number of high amplitude
samples [61]. As a result, the noise level estimates (and consequently the thresholds)
computed by the different noise measures should not automatically be assumed to
lead to equal performance as they might when applied to large samples of simple,
perfectly Gaussian data. Since the statistical nature of the overall neural waveform
is not simple or obvious, an experimental approach (using real data as opposed to a

statistical model) to the problem under consideration is warranted.

While the overall performance of all four measures investigated in this study
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was fairly similar, the root-mean-square operator did exhibit a few disadvantageous
characteristics. The range of multipliers over which a given optimality index curve
remained near its peak was narrowest for the RMS operator (section 6.4.3). In the
two-unit case, the RMS operator had lower maximum optimality indices and a less
consistent optimal multiplier than the other operators (section 6.4.4). Additionally,
performing the squaring and square root operations used by the RMS operator can
be problematic in certain types of systems. This suggests that using a percentile
operator may be preferable for a system utilizing a mixed-signal processor [81,83]
and using the mean deviation operator may be preferable for a system utilizing a

digital processor with limited memory resources [47].

6.4.6 Limitations and Extensions

It should be noted that the results presented in section 6.3 and discussed in sections
6.4.3 and 6.4.4 use a specific value of the weight w. This weight is related to the
cost incurred by false detections. False detections can range from simply being a
nuisance to causing a severe drop in performance depending on the circumstances.
For example, in a wired recording system in which spikes are detected and extracted
with essentially no limit on the number of spikes and in which a reliable spike sorting
process will be performed (meaning that most of the false extractions will later be
categorized as noise rather than as true spikes), false detections are undesirable but
should have only a minor impact on the performance of the system. In this case,
the emphasis should be on picking a multiplier that results in a high probability of

detection.

In the case of a fully implantable neural data acquisition system with a limited
data rate, false detections will take up valuable bandwidth and could possibly prevent

some true spikes from being transmitted [47]. Even if spike sorting is performed
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after the extracted spikes are received outside of the body (again categorizing false
detections as noise), some of the true spiking information may be irretrievably lost
due to the false detections. The cost of false detections might be relatively high in

this case if the data rate necessary for true spikes is close to the available data rate.

Another case is a system that does not use spike sorting but instead simply pro-
cesses spike detection information. This system would end up treating false detections
exactly like true spikes. Thus false detections would never be removed and the per-
formance of the system could be impacted negatively. In this case, multipliers that

lead to many false detections would not be considered optimal.

From these examples it is clear that the multiplier that is considered to be optimal
in one case may not be considered optimal in another. In this study, we looked at

one possible case.

Also, this study, as all studies must, had a limited scope. Seemingly endless com-
binations of SNRs, firing rates, and window sizes could have been investigated, espe-
cially when allowing spikes from multiple neurons to be present in a given waveform.
This study investigated only a limited subset of the possible parameter combinations.
Nevertheless, many of the ideas and methods presented here can be extended and
applied to circumstances and spike detection techniques that do not exactly match
those presented in this study. For example, we found that the results using an adap-
tive threshold were very similar to the average performance of nonadaptive thresholds
presented here.

Also, this work is applicable beyond the realm of implantable neural data acqui-
sition systems. Voltage thresholding is used widely to perform neural spike detec-
tion in many different contexts [17,47,53,55, 65,66, 74-83,88-90]. Other means of
spike detection exist and have the potential to have improved spike detection perfor-

mance [54,56-58,61,85,91-95]. Nevertheless, voltage amplitude thresholding, even
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with its less than ideal spike detection performance, is the predominant method of
spike detection. This is in large part due to its simplicity and its ease of implemen-
tation. Automatic threshold selection is desirable in a wide variety of circumstances.

Finally, we suggest that the ability to easily and robustly select parameters that
result in good performance across a wide range of realistic circumstances should
be considered while developing and evaluating spike detection techniques. This is
especially true for spike detection techniques intended for use in implantable systems.
The optimization framework presented here may be useful in the development and

evaluation of many of these techniques.

6.4.7 Final Notes

SNR

No consistent definition of SNR is found in the neural spike processing literature.
Two commonly used definitions are the one used here (see section 6.2.1) [57,79, 85]
and one in which the numerator of the ratio is the rms value of the template rather
than the peak amplitude of the template [54,55,59,61,96]. Other definitions are used
as well [26,56,58,60,95]. A definition of SNR that relies on the peak amplitude fits
well with a detection scheme that uses an amplitude threshold since only the high
amplitude portion of the spike is likely to cross the threshold and lead to a detection.
Also, SNR computations that rely on the rms value of a spike are influenced by the
assumed temporal duration of the spike. In general, exactly what portion of a full
neural waveform should be considered to be part of a spike is not well-defined. For a

useful note on SNR see [57].

The difference in how SNR is defined here and in [26] must specifically be men-
tioned. In [26], SNR is defined as the peak-to-peak amplitude of the spikes divided

by two times the standard deviation of the noise. The spike templates used in our
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study had, on average, peak-to-peak amplitudes that were approximately 1.5 times
the size of their peak amplitudes. In order to account for this, we scaled the SNR
values presented in [26] by % so that they would correspond to the SNR values used
here. Once this was done, we used the frequency with which waveforms of a given
SNR were found in the recordings from [26] to determine the weights used in the

optimality score calculation.

Spike Detection Performance Parameters

In section 6.2.3, we characterize the spike detection performance by two parameters
— Pp and Rp4. In the spike detection literature, it is more common to plot Pp versus
the probability of false alarm (Pga) or the “false alarm ratio” [56-58, 60, 88]. These
are generally defined as the number of false alarms divided by the total number of
detections. We feel that Rp, is a more appropriate measure because it is essentially
independent of the firing rate of the spike whereas Pry4, as it is generally defined, is
very dependent on the firing rate. In a rough sense, for a given threshold, Rp4 can be
thought of as a measure of the noise level and Pp can be thought of as a measure of
the signal level, both independent of firing rate. While plots of Pp versus Rg4 do not
exactly correspond to classical ROC curves, they do present the same general type of
information. A few others have also plotted the probability of detection versus the

rate of false alarms [95,97].
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Chapter 7

Conclusion

We have addressed problems related to reduction, telemetry, and processing of neu-
ral data for a fully implantable data acquisition system. Specifically, we have imple-
mented data reduction algorithms within an implantable module, developed a wireless
communications link between the implantable module and an external module, and
enabled the external module to perform real-time spike sorting. We have evaluated
the neural signal processing performed by our system on the bench and investigated
appropriate means for performing spike detection in an implantable neural signal pro-
cessor. Finally, we have confirmed that the telemetry and processing aspects of our
system function properly as part of a fully implanted system. This work demonstrates
that the fundamental neural data acquisition and processing tasks that have proven
to be effective within the laboratory environment using percutaneous systems can be
performed by a fully implantable system. Our demonstration of a neural data ac-
quisition system that effectively acquires, transmits, and processes neural data while
fully implanted creates a clearer path for future clinical applications of neural data
acquisition systems.

This work has been approached with an eye toward the use of a fully implantable
neural data acquisition system as part of a clinically viable BMI. Our focus has been
on the processing performed within our system, and we have presented this work
within the context of the full neural data acquisition system and the BMI application.
The overall development of our fully implantable neural data acquisition system has
not been nicely and neatly wrapped up. There are many areas in which our system

can be improved. The goal of this work, however, was to recognize and address some
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(not all) of the challenges that stand in the way of using a neural data acquisition
system in a clinical setting. A recent review stated that “the issues related to the
long-term functionality of implantable microelectrodes, and to the development of
fully implantable electronic devices for amplification of a large number or neuronal
signals and their wireless transmission to the actuator, are the major technological
challenges that will determine the success or failure of future clinical applications of
BMI technology” [1]. This work has pushed us closer to overcoming the obstacles

standing in the way of a clinical BMI.

A future clinical BMI might take one of several different forms, and depending on
its form will require different features. Much of the work presented here centers on
the idea of relaying neural information from inside the body to the external world.
This ability is required when the end goal is to control an external machine such as
a wheelchair or a computer. It is conceivable that a closed loop BMI requiring no
external processing and no interaction with an external machine could be developed.
In this case, there may never be a need to send the neural data out of the body.
Nevertheless, much of the processing presented in this work is still applicable to such
a case. Finally, the work presented here is also applicable outside of the realm of
BMIs. As mentioned before, neural data acquisition is quite common within the
research world. Significant effort has been put forth to make wired recording sys-
tems suitable for recording from freely behaving animals [98]. The wireless recording
system presented here (whether implanted or not) may be beneficial in these types
of research environments. We hope that this work will prove to be beneficial in a

variety of circumstances in which neural data acquisition is performed.
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